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Abstract

The derivation of mathematical results in spe-
cialised fields, using Large Language Models
(LLMs), is an emerging research direction that
can help identify models’ limitations, and po-
tentially support mathematical discovery. In
this paper, we leverage a symbolic engine to
generate derivations of equations at scale, and
investigate the capabilities of LLMs when de-
riving goal equations from premises. Specifi-
cally, we employ in-context learning for GPT
and fine-tune a range of T5 models to com-
pare the robustness and generalisation of pre-
training strategies to specialised models. Em-
pirical results show that fine-tuned FLAN-T5-
large (MathT51) outperforms GPT models on
all static and out-of-distribution test sets in con-
ventional scores. However, an in-depth analysis
reveals that the fine-tuned models are more sen-
sitive to perturbations involving unseen sym-
bols and (to a lesser extent) changes to equa-
tion structure. In addition, we analyse 1.7K
equations, and over 200 derivations, to high-
light common reasoning errors such as the in-
clusion of incorrect, irrelevant, and redundant
equations. Finally, we explore the suitability
of existing metrics for evaluating mathemati-
cal derivations and find evidence that, while
they can capture general properties such as sen-
sitivity to perturbations, they fail to highlight
fine-grained reasoning errors and essential dif-
ferences between models. Overall, this work
demonstrates that training models on synthetic
data may improve their math capabilities be-
yond much larger LLMs, but current metrics
are not appropriately assessing the quality of
generated mathematical text.

1 Introduction

Robust mathematical reasoning is a desirable
emerging capability of Large Language Models
(LLMs) (Wu et al., 2022). LLMs have been shown

1https://huggingface.co/jmeadows17/
MathT5-large

to resemble or surpass human performance in vari-
ous settings, including undergraduate mathematics
and physics question answering (Lewkowycz et al.,
2022; Drori et al., 2022). However, recent assess-
ments question their adequacy, particularly in sus-
tained multi-hop reasoning (Frieder et al., 2023).
In this paper, we aim to provide an in-depth dis-
cussion centred around equation derivations, fo-
cusing on models’ ability to learn and sequentially
apply symbolic operations to premise equations,
in order to derive goal equations defined within
prompts. Such derivation-style equational reason-
ing (Plaisted, 1993; Premtoon et al., 2020) is at the
core of many applied mathematical fields, such as
theoretical physics and engineering. It is difficult
to formalise (Kaliszyk et al., 2015), and is hence in-
compatible with theorem provers (Govindarajalulu
et al., 2015; Hulette et al., 2015; Davis, 2019; Mead-
ows and Freitas, 2021). Moreover, the granularity
of the operations within a derivation is typically far
greater than what is surfaced on published deriva-
tions (Mann et al., 2018), with many steps being
omitted or summarised, which ultimately leads to a
fundamental incompleteness problem for reasoning
data available for training (Villalobos et al., 2022).
Given that granular workings (often with implicit
operations) contribute to much of the theoretical
research distilled in papers, that generative models
have been shown to hallucinate on domain-specific
reasoning problems (Shuster et al., 2021; Taylor
et al., 2022; Frieder et al., 2023; Wysocka et al.,
2023), and that granular reasoning lends itself bet-
ter to explainability and inference control (Heben-
streit et al., 2023; Yao et al., 2023; Yuan et al.,
2023), it is clear we must extend the fine-grained
reasoning abilities of language models. This is
especially true if we aim to use them to reliably
derive and explain results in specialised fields.
This work builds upon a recent framework for
symbolic data generation and robustness evalua-
tion (Meadows et al., 2023), that attempts to sys-
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tematically emulate and perturb complex forms of
equational reasoning. From this, we contribute:
(1.) An improved algorithm used to produce
15K procedurally generated LaTeX derivations and
prompts, comprising between 4-10 equations, for
fine-tuning and evaluating language models (and
generative models in general) on fine-grained multi-
step equational reasoning.
(2.) Out-of-disftribution test sets generated by ap-
plying systematic perturbations to a static test set
comprising 2K examples.
(3.) We fine-tune T5 and FLAN-T5 models and
employ ChatGPT and GPT-4 via in-context learn-
ing on the generated data, evaluating the models on
static and perturbed sets, to assess their ability to
generalise to mathematical derivations where tar-
geted elements of reasoning have been altered.
(4.) We analyse derivations generated by fine-tuned
FLAN-T5-large, ChatGPT, and GPT-4, and high-
light reasoning failures of models in an extensive
quantitative and qualitative analysis. The results
show that while existing evaluation metrics score
fine-tuned T5 models above GPT on many test sets,
GPT is affected less by perturbations. In partic-
ular, the fine-tuned models struggle with out-of-
distribution symbols and alternative equation struc-
tures.
Overall, this work suggests that fine-tuning smaller
LLMs on synthetic derivations can yield detailed
multi-step equational reasoning capabilities exceed-
ing those of larger models (e.g., GPT). Naturally,
smaller models are less robust to out-of-distribution
examples, but metrics do not reveal this from con-
ventional evaluation procedures. We find that com-
mon text generation metrics feature a number of
limitations in this regard, and we suggest further
research developing more sophisticated metrics in
this context. Related resources for reproducing and
extending our experiments are available online2.

2 Related Work

Our focus is the generation and perturbation of in-
formal mathematical reasoning that resembles step-
wise detailed human workings with LLMs (Brown
et al., 2020; Ahmed and Devanbu, 2022; Song et al.,
2022; Ge et al., 2023; Hu et al., 2023; Yang et al.,
2023). While we presently consider solely equa-
tions, math generation exists in various forms, and
is split between approaches that consider formal

2https://github.com/jmeadows17/
deriving-equations-with-LLMs

languages, and those that consider informal math-
ematical natural language (Meadows and Freitas,
2022; Ferreira and Freitas, 2020; Welleck et al.,
2021; Ferreira et al., 2022; Valentino et al., 2022).
In the formal case, GPT-j (Polu and Sutskever,
2020; Polu et al., 2022), LISA (Jiang et al., 2021),
and Baldur (First et al., 2023) model Metamath
and Isabelle/HOL proofs. For generation involving
informal reasoning, an approach based on Ope-
nAI’s Codex (Chen et al., 2021; Drori et al., 2022)
translates university-level problems into executable
code, and generates solution explanations. Min-
erva (Lewkowycz et al., 2022) is a PaLM (Chowd-
hery et al., 2022) model trained on a large corpus
of mathematical text, and solves university-level
problems in applied math, outputting solutions in
the form of mathematical natural language. Natu-
ralProver (Welleck et al., 2022) generates similar
solutions to proofs from a curated dataset (Welleck
et al., 2021), and is most similar to our present
work. However, we deviate in three ways. Firstly,
we only generate chains of LaTeX equations and
ignore natural language. Secondly, our prompts
and derivations are procedurally generated, and are
engineered for use with lightweight models, while
containing up to 10 equations with complex sym-
bols. Thirdly, our use of perturbations following a
related approach (Meadows et al., 2023), allows for
pairwise comparison between examples that differ
by targeted aspects of equations, such as changes to
structure and symbols. We further expand on this
by improving the coherence of the reasoning gen-
eration algorithm, ensuring that derivations do not
contain irrelevant steps, and consider more com-
plex symbols (e.g., g′ε).

3 Derivation Generation with LLMs

Given a goal equation G and premise P , that are
arranged within some prompt template t(P, G), we
aim to assess the ability of an LLM to systemat-
ically apply a set of symbolic operations O and
generate a sequence of intermediate equations D̂
such that, starting from P , D̂ represents a reason-
able derivation of G. Given modelM, a derivation
is generated through M : t(P, G) 7→ D̂. Some
idealised metric M∗ scores a derivation through
M∗ : (D∗, D̂) 7→ S, where D∗ is some ideal
derivation. Assuming a suitable prompt t, we gen-
erally aim to optimise

M∗ = argmax
M

;M∗((D∗,M : t(P, G) 7→ D̂)
)
.
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However, we do not have access to ideal derivations
D∗ corresponding to templates t(P, G), nor ideal
metric M∗ suitable for scoring D̂. Instead, we
employ a symbolic engine to estimate ground truth
derivations to obtain D̃∗ (Alg. 1). Moreover, we
are evaluating over a sample of derivations. This
means that, in practice, we are instead findingM∗

such that

M∗ = argmax
M

; 1
N

∑N
i=1M

(
(D̃∗

i,M : t(Pi, Gi) 7→ D̂i)
)
,

where N is the sample size. In this work, M is a
canonical text generation metric (e.g., ROUGE).

4 Data Generation

In Meadows et al. (2023), static derivations are
generated and perturbed to form out-of-distribution
test sets. These static and perturbed sets are used
to determine the impact of perturbations on model
performance, by comparing static scores with per-
turbed scores. In this paper, we propose an al-
gorithm (Alg. 1) to generate complete synthetic
derivations that are used to build datasets for sys-
tematically assessing the performance of LLMs on
the derivation generation task, including prompts
and references.

4.1 Synthetic Derivation Generation

Figure 1: An example of a synthetic mathematical
derivation used to assess derivation capabilities of
LLMs. Three equations would be given in the corre-
sponding prompt: the first equation is a premise, the
fourth equation is an intermediate step, the last equation
is the goal equation.

The high-level description of the reasoning gener-
ation involves a vocabulary of symbols and a set
of explicit operations. A premise equation P is ini-
tially generated such as the first equation in Fig. 1.

To build up derivations from P , operations are ran-
domly selected and symbolically applied (Meurer
et al., 2017) to both sides of the premise equa-
tion, leading to new equations. During this process,
smaller unconnected derivations may exist in the
sequence that stem from existing equations. All
suitable smaller derivations are integrated into a
coherent sequence that represents the output deriva-
tion. Operands used for generating equations are
randomly sampled from all possible symbols and
sub-expressions defined in the full chain so far. The
introduction of new symbols comes from the intro-
duction of new premises or integration constants.
Hyperparameters control the derivation length, a
memory bias towards recent equations, and the fre-
quency that certain operations are attempted (Ap-
pendix E). We improve a limitation where deriva-
tions may contain unused equations, and ensure a
directed acyclic graph can be built from the out-
put derivation during equation generation. This
process is described in Algorithm 1.

4.2 Prompt Generation

Fine-tuning prompts. To assess mathematical
derivations with a range of LLMs, we extract
prompts following the template in the example be-
low from the synthetic derivations:

Given q(a) = ea

and G(a) = −ea + d
daq(a),

then derive −ea + d
daq(a) = 0,

then obtain eG(a) = 1

Premise equations are denoted by Given (or and),
the result of evaluating integrals and derivatives
is denoted by then derive, and the goal equation
is denoted by then obtain. The prompt guides a
derivation from premises, through certain interme-
diate steps, to the goal equation. These prompts
are also used to evaluate fine-tuned models. The
intermediate steps are integration or differentiation
results intended to guide LLMs through the deriva-
tion (Wei et al., 2023) and reduce hallucinations.
Few-shot prompting GPT. Few-shot prompt-
ing (Møller et al., 2023), or in-context learning, is a
method of enhancing the zero-shot performance of
LLMs by including examples in the prompt. In par-
ticular, chain-of-thought prompts (Wei et al., 2023)
involve explanations of how results have been ob-



tained from in-context examples, rather than simply
including such results without explanation, and can
improve generation quality. In our case, where the
results themselves are equation chains serving as
mathematical descriptions, any further chain-of-
thought prompting would involve accompanying
natural language explanations. Instead of including
natural language, as this is something we aim to
minimize, we create prompts that contain a variety
of training examples that fit into a template.
For each static evaluation prompt such as the fine-
tuning example, a set of 5 example prompts (and
derivations) are randomly selected from the train-
ing set under the condition that at least 2 training
prompts contain “then derive” and “and”, matching
the earlier prompt example. This matching was
chosen to emulate the training data, where a third
of examples contain > 1 premise. The examples
are then fit into the template:

The following examples consist of a prompt (de-
noted by Prompt:) and a mathematical derivation
(denoted by Derivation:). Each derivation contains
LaTeX equations separated by "and".
The training prompts are appended after this de-
scription, then the template continues:

Now given the following prompt, generate the
derivation. Ensure equations are split by the word
"and".
The evaluation prompt is inserted here, prepended
by “Prompt:”.
This prompting methodology was chosen to mini-
mize any natural language in the generated output,
and to force derivations into the correct format (La-
TeX equations split by “and”). Also, only the eval-
uation prompt is perturbed, ensuring consistency
in the evaluation. This ensures that differences in
the generated output are caused only by changes
to the evaluation prompt. If in-context examples
are not controlled for, then we would be measuring
generation differences due to both the perturbation
and changes to in-context examples. The instanti-
ated few-shot template is fed to the GPT models
through the OpenAI API3, with temperature set to
0 to minimise non-deterministic effects.

4.3 Perturbations

A perturbation is a transformation applied to the
input text and ground truth that ideally changes a
single aspect of reasoning (e.g., a change of nota-
tion, or swapping commutative expressions). We

3https://platform.openai.com/overview

apply four perturbations to the static test set to
evaluate generalisation, where each perturbation
generates an additional test set later used for pair-
wise evaluation.
Variable Renaming. In the training set, deriva-
tions rely on a vocabulary of 155 symbols sampled
from Wikipedia physics (Meadows et al., 2022)
(e.g., Ψnl, En, JP , η, g′ε). For each example in
the static set, we uniquely map each symbol to an
out-of-distribution symbol sampled from 11 Greek
letters (e.g., En = n+ x becomes α = β + γ).
Expression Exchange. In the training set, there
is an asymmetry with respect to premises being
defined with functions on the LHS and expressions
on the RHS (e.g., En(n, x) = n + x). However,
operations are frequently used that can substitute
LHS for RHS (and vice versa) in many cases, and
both functions and operations may appear on either
side of equations. Simply, we swap expressions
either side of the equality for all equations in the
static set (e.g., En = n+x becomes n+x = En).
Alternative Goal. In the training set, the goal
equation in the prompt (denoted by then obtain in
Section 3.2) is the final equation in the target text to
be generated. For each example in the static set, we
derive an alternative goal equation from the penul-
timate equation, by random selection of operators
and operands. This perturbation should not incur
large score differences between static and perturbed
sets, because it is simply applying alternative in-
distribution operations that occur frequently during
training.
Step Removal. In the training set, equations that
occur as a result of evaluating differentials and in-
tegrals are included in the prompt as intermediate
steps. These are used to guide derivation generation
(see Section 3.2). This perturbation removes such

“then derive” equations from the prompt, which may
have two effects: (1) where appropriate, a model
may generate derivations of goal equations that
avoid evaluating integrals etc., meaning that even
valid derivations may have hugely different sur-
face forms to target text; (2) where integration is
necessary, the model will be forced to implicitly
perform multiple operations in a single step. Al-
though some equations will have been encountered
during fine-tuning (e.g., d

dx sin(x) = cos(x)), it
is likely models will hallucinate results due to the
imposed granularity gap forced by the perturbation
at this step.

https://platform.openai.com/overview


5 Data Analysis

The creation of the datasets involves initially gener-
ating annotated derivations, creating prompts from
those derivations, splitting the data into training and
static test sets, then perturbing the static set to form
(four) perturbation sets. Table 1 describes the sizes
of the various datasets. Discrepancies between per-
turbation set sizes arise mostly from the imposed
512 token limit, such that full reasoning chains are
accepted by fine-tuned models. For example, if a
derivation consists of nearly 512 tokens, then Vari-
able Renaming is applied, the symbol change may
extend the sequence beyond 512, so we exclude
that example. The lower size of the Step Removal
set simply comes the fact that not all derivations
involve evaluating integrals or derivatives, and this
perturbation applies only to those that do.

Dataset Size
Training 15.3k

Static Test Set 3.1k
Variable Renaming 2.9k

Expression Exchange 3.1k
Alternative Goal 3.1k

Step Removal 1.0k

Table 1: Dataset sizes. Static is the held-out test set,
while Variable Renaming and the other three perturbed
sets are generated by applying perturbations to the static
set.

Figure 2: P (L) is the probability that a given derivation
features L equations.

Fig. 2 shows the distribution of derivation lengths
in the training set. The peak at L = 5 arises from
derivations initially being generated with lengths
following a truncated Gaussian centered at L = 7
(L > 3, σ = 3). A large proportion were later ex-
cluded due to the token limit, reducing the distribu-

tion maximum. New equations are generated by ap-
plying one of 18 operations to a previous equation
in the sequence. For a random equation, the proba-
bility it was formed by applying operator O is given
in Fig. 4. This distribution is implicitly controlled
by hyperparameters. As mentioned in Section 4.3,
there is an asymmetry between the LHS and RHS
of the equations, the effects of which are explored
by Expression Exchange. This is reflected in the
relative probability between SL and SR, which are
respectively substitution operations for the LHS
and RHS. Also,

∫
E (evaluate integrals) is less com-

mon than ∂E (evaluate derivatives) largely because
many integrals evaluate to (excluded) piece-wise
functions, and other long equations. We omit La-
TeX equation strings longer than 350 characters.
A derivation may also be characterized by spe-
cific permutations (chains) of the set of operators
that formed it. For a given length, the total per-
mutations and related information is displayed in
Table 5. Across all derivation lengths, the chain
∂ → ∂E → SL (and its integral equivalent) occurs
particularly frequently, and contributes to longer
chains. Decoding, this chain means a differential
operator (∂) is applied to both sides of an equa-
tion ( d

dxy(x) = d
dx sin(x)), the evaluate deriva-

tives operator (∂E) is applied ( d
dxy(x) = cos(x)),

then the LHS substitution operation (SL) is applied
( d
dx sin(x) = cos(x)).

ROUGE BLEU BLEURT GLEU
T5-base (f) 88.6 81.3 70.5 83.4
FLAN-T5-base (f) 87.3 79.4 68.9 81.7
T5-large (f) 89.4 82.8 72.1 84.7
FLAN-T5-large (f) 90.2 84.6 73.2 86.1
T5-base 89.5 82.8 70.5 84.4
FLAN-T5-base 87.0 80.3 67.2 81.9
T5-large 91.0 85.1 72.5 86.4
FLAN-T5-large 91.2 86.1 72.9 87.2
ChatGPT 80.3 70.8 63.1 73.5
GPT-4 82.8 72.2 62.9 75.6

Table 2: Static evaluation results. The four models asso-
ciated with (f) are evaluated on a set of 2K examples.
Remaining models are evaluated on 100 examples.

6 Empirical Evaluation

We first perform a conventional evaluation on the
static set, then dynamically evaluate the effect of
perturbations by comparing static scores with per-
turbed scores from the out-of-distribution test sets,
following Meadows et al. (2023). Details of train-
ing and metrics (such as ROUGE) are given in



ROUGE BLEU BLEURT GLEU

VR EE AG SR VR EE AG SR VR EE AG SR VR EE AG SR
T5-base (f) 80.2 86.2 88.3 77.0 74.8 78.2 80.9 64.2 67.7 67.3 67.4 51.5 76.1 80.4 83.1 69.2
FLAN-T5-base (f) 24.4 84.3 86.7 77.7 41.1 76.0 78.8 66.6 18.7 67.0 67.9 56.8 44.2 78.5 81.3 71.0
T5-large (f) 85.0 86.8 89.2 77.7 79.3 79.5 82.5 66.4 70.8 68.3 69.6 54.1 80.8 81.5 84.4 70.6
FLAN-T5-large (f) 83.0 87.1 89.5 78.6 78.5 80.4 83.5 68.9 69.0 68.7 70.3 56.1 79.6 82.1 85.1 72.4
T5-base 82.2 87.3 89.9 79.9 77.2 81.6 83.7 68.8 71.1 69.6 70.1 56.5 78.0 82.6 85.3 72.5
FLAN-T5-base 25.7 86.7 87.8 78.5 40.4 81.1 81.1 68.5 14.6 69.0 66.4 56.7 42.9 82.2 82.9 71.8
T5-large 86.2 87.7 90.5 80.6 80.7 82.4 84.7 71.0 71.9 70.7 71.8 59.6 81.7 83.3 86.1 74.1
FLAN-T5-large 85.1 87.9 90.4 80.7 79.8 83.1 84.8 72.3 71.2 70.5 71.4 61.0 80.6 83.8 86.2 75.0
ChatGPT 78.8 78.8 80.6 73.3 70.2 70.7 71.4 64.2 63.9 62.1 61.7 50.9 72.7 72.9 74.3 67.7
GPT-4 81.6 80.9 82.1 75.6 71.1 68.3 70.4 61.7 64.2 61.3 61.8 50.4 74.4 72.3 74.4 67.2

Table 3: Conventional scores on perturbation sets. Variable Renaming (VR) involves out-of-distribution symbol
replacement. Expression Exchange (EE) involves swapping expressions either side of equality symbols. Alternative
Goal (AG) involves using a different operation to derive an alternative goal equation. Step Removal (SR) involves
removing intermediate steps from the prompt.

ROUGE BLEU BLEURT GLEU

VR EE AG SR VR EE AG SR VR EE AG SR VR EE AG SR
T5-base (f) 8.4 2.4 0.3 11.6 6.5 3.1 0.4 17.1 2.8 3.2 3.1 19.0 7.3 3.0 0.3 14.2
FLAN-T5-base (f) 62.9 3.0 0.6 9.6 38.3 3.4 0.6 12.8 50.2 1.9 1.0 12.1 37.5 3.2 0.4 10.7
T5-large (f) 4.4 2.6 0.2 11.7 3.5 3.3 0.3 16.4 1.3 3.8 2.5 18.0 3.9 3.2 0.3 14.1
FLAN-T5-large (f) 7.2 3.1 0.7 11.6 6.1 4.2 1.1 15.7 4.2 4.5 2.9 17.1 6.5 4.0 1.0 13.7

T5-base 7.3 2.2 -0.4 9.6 5.6 1.2 -0.9 14.0 -0.6 0.9 0.4 14.0 6.4 1.8 -0.9 11.9
FLAN-T5-base 61.3 0.3 -0.8 8.5 39.9 -0.8 -0.8 11.8 52.6 -1.8 0.8 10.5 39.0 -0.3 -1.0 10.1
T5-large 4.8 3.3 0.5 10.4 4.4 2.7 0.4 14.1 0.6 1.8 0.7 12.9 4.7 3.1 0.3 12.3
FLAN-T5-large 6.1 3.3 0.8 10.5 6.3 3.0 1.3 13.8 1.7 2.4 1.5 11.9 6.6 3.4 1.0 12.2
ChatGPT 1.5 1.5 -0.3 7.0 0.6 0.1 -0.6 6.6 -0.8 1.0 1.4 12.2 0.8 0.6 -0.8 5.8
GPT-4 1.2 1.9 0.7 7.2 1.1 3.9 1.8 10.5 -1.3 1.6 1.1 12.5 1.2 3.3 1.2 8.4

Table 4: Model generalisability scores for performance. A higher absolute value implies a perturbation has a
significant effect on the generation. A positive value implies the perturbation increased the problem difficulty, while
a negative value implies the opposite. Bold values represent lowest absolute difference from static scores, where the
perturbation has had the smallest effect on the sample score.

Appendix B.

6.1 In-distribution Derivations

Table 2 describes the relative performance of four
fine-tuned models, and the GPT models evaluated
using the few-shot prompt. The fine-tuned mod-
els are the base and large versions of T5 (Raf-
fel et al., 2020) and FLAN-T5 (Chung et al.,
2022). On 2K examples from the static set (denoted
by (f)), FLAN-T5-large outperforms all models
in all metrics. This notable advantage over T5-
large is likely due to instruction fine-tuning – our
prompt is an instruction. However, this advan-
tage over T5 does not extend to FLAN-T5-base,
which scores lower than T5-base in all metrics.
This potentially due to fine-tuning instability ob-
served in T5 (Asai et al., 2022). In addition to

FLAN-T5-large (MathT5-large), fine-tuned T5-
base (MathT5-base) is available online4.
The other scores reported in Table 2 (without (f))
are evaluated on a set of 100 examples, sampled
from the static set, that contain integration and
differentiation results in the prompt. The lower
sample size is because inference with GPT through
the OpenAI API is financially inefficient, and there
are four perturbed prompts for each prompt in the
static set. The fine-tuned models score within 3
units of their previous scores, model rankings are
preserved across all metrics, and we assume the
GPT scores would report similarly for larger sam-
ples.
The (ROUGE) scores obtained by fine-tuned

4https://huggingface.co/jmeadows17/
MathT5-base

https://huggingface.co/jmeadows17/MathT5-base
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FLAN-T5-large (91), T5-large (91), T5-base (89),
and FLAN-T5-base (87) are all higher than the
GPT models. FLAN-T5-base is the worst fine-tuned
model, but scores 4 ROUGE higher than GPT-4
(83), and 7 ROUGE higher than ChatGPT (80).
This reflects that the general pre-training of the
GPT models does not capture granular reasoning
with equations at the operational level, compared
to the fine-tuned models (as elicited through the
few-shot prompt).

6.2 Perturbed Derivations

Table 3 shows the larger fine-tuned models outper-
form the GPT models on every test set, in every
metric, on all perturbed test sets. However, we
measure the impact of perturbations (and hence a
model’s generalisability) differently. Given static
ground truth derivation si, model derivation ŝi, per-
turbed ground truth pi, perturbed model derivation
p̂i, and some metric M , the performance decrease
due to a perturbation on the ith derivation is given
by M(si, ŝi)−M(pi, p̂i). It is this value, averaged
over derivation pairs, that is reflected in Table 4.
We aim to use this score difference to better deter-
mine the effect of perturbations, and hence better
determine models’ robustness and generalisation.

Of the fine-tuned models evaluated on the larger
perturbed sets (f), according to ROUGE, the T5
models generalise worse than the FLAN-T5 mod-
els to all perturbations other than SR. According to
BLEU, the T5 models both generalise better to EE
and AG perturbations. According to BLEURT, the
T5 models both generalise better to only VR. Ac-
cording to GLEU, they only generalise better to AG.
This disparity in rankings and model scores makes
it difficult to accurately determine which models
generalise better to a given perturbation. However,
it is important to note that they do mostly agree
on the ranking of perturbation difficulty. Other
than BLEURT, from least impactful to most, the
perturbations are ranked AG (alternatve goal), EE
(expression exchange), VR (variable renaming),
SR (step removal). In particular, this suggests that
SR and VR lead to derivations that heavily diverge
from the target reference. The metrics also agree
that FLAN-T5-base completely fails to generalise
to out-of-vocabulary symbols (VR) (potentially due
to fine-tuning instability).
Scores consistently report that the GPT models
generalise to the VR and EE perturbations better
than any of the fine-tuned models. GPT models

generalise to all perturbations except those where
critical results have been removed from the prompt
(SR). This is also true for fine-tuned models, but
they also generalise worse to perturbations affect-
ing out-of-distribution structural symmetry (EE),
and worse still, out-of-vocabulary symbols (VR).
All models can derive alternative final equations
of derivations that rely on a different final opera-
tion (AG). For VR, GPT’s advantage stems from
its training involving immense vocabularies, and
that the few-shot prompt is designed to not bias any
particular symbols. GPT’s advantage in EE stems
from the fine-tuned models training involving a
symmetry bias (evidenced by Fig. 4 and Tab. 5),
so breaking this symmetry, as EE does, results in
lower scores. This symmetry bias is included in
the few-shot prompt, but GPT is insensitive to this
perturbation. This is likely due to the vast amount
of mathematical examples it has seen during train-
ing, spanning equations and derivations with other
symmetry biases.
As an alternative approach to measuring the
effect of perturbations, we calculate the ratio
M(ŝi, p̂i)/M(si, pi) that measures how much a
model’s perturbed derivation deviates from its
static derivation in comparison to the ground truth
pair. Generally, the scores are < 1, which indi-
cates the difference between static and perturbed
derivations produced by models is less different
than equivalent ground truth pairs. Ratios aver-
aged over the sample are given in Table 8, which
highlights that BLEURT is comparing derivations
in a way other metrics are not, and returns very
high and low average ratios. Also, Fig. 3 shows
the ROUGE distribution over the 100 samples, and
displays behaviour not captured by either table.
Table 4 shows that the GPT models feature VR
and SR derivations that score below 0.4 ROUGE,
whereas the distribution of each is narrower for
each perturbation, for FLAN-T5-large. This sug-
gests that GPT models may score reasonable aver-
age results, and they appear to generalise well at
scale, but edge cases may negatively effect them
more than specialised models.

7 Qualitative Analysis

7.1 Mathematical Proficiency in Static
Derivations

In Appendix C.1, we take 12 derivations where
FLAN-T5-large obtains around 91 ROUGE (its av-
erage performance), and compare its output with



that of ChatGPT and GPT-4 on the same deriva-
tions. In Appendix C.2 we randomly sample 13
derivations and compare each model’s solution.
Higher scores are not faithful representations of
derivation quality. While there is a positive corre-
lation between scores and reasoning quality, a sig-
nificant proportion of derivations with lower scores
are actually of higher quality. We define a "high
quality" derivation to include no incorrect, incon-
sistent, repeated, redundant, or irrelevant equations,
with minimum skipped steps. Given this defini-
tion, it is observable how a high quality derivation
may score poorly given the ground truth reference.
A model’s derivation may include alternative but
correct reasoning, leading to significant divergence
from the reference surface form. Another deriva-
tion might take the same reasoning path as the
ground truth, but writes an incorrect equation (e.g.,
omitting an exponent) leading to a higher score.
This semantic error is not captured by the metrics.
Equations and syntax are rarely incorrect. Of
the 75 static derivations analysed (3 model outputs
per ground truth sample), only 5 equations were
incorrect. FLAN-T5 omitted function names from
premises written in the prompt, while ChatGPT
made more semantic errors such as incorrect dif-
ferentiation (Derivation 3) and integration (Deriva-
tion 23). GPT-4 generated all equations correctly.
After minor post-processing for the purpose of ren-
dering derivations in Appendices C and D (such
as removing spaces between “\\” and e.g.“nabla”
for FLAN-T5 due to new vocabulary), we detected
only 7 syntax errors of the 1.7K equations rendered.
GPT-4 did not contribute to any syntax error.
Models may deliver more succinct derivations
comparative to ground truth references. Due to
the randomness involved in applying operations to
derive ground truth derivations (Table 5), it is pos-
sible that more efficient derivations exist. Models
frequently find such derivations yet are penalized
due to surface form divergence from the ground
truth. Derivation 16 shows FLAN-T5 using a more
efficient substitution.
Models apply composite operators or skip steps.
Each model must write mathematically valid paths
between equations defined in the prompt. These are
either premise equations, integration or differenti-
ation results, or the goal equation. It is most com-
mon for models to skip the penultimate equation
in the derivation. This occurs either from models
performing multiple operations in a single step, or

from skipping steps entirely (Derivation 6).
GPT models derive irrelevant equations. GPT
models (most prominently ChatGPT) tend to write
irrelevant equations that (although not necessarily
incorrect) correspond to an inefficient application
of operators. Derivation 14 shows FLAN-T5 select-
ing an efficient path, but skipping the penultimate
step. In comparison, GPT-4 unnecessarily writes
(304) instead of evaluating just the integral. Chat-
GPT writes an incorrect equation (310), and uses it
to form (311) which is never used.
GPT models write unsimplified equations. We
fine-tune FLAN-T5-large on computer algebra
derivations that automatically evaluate terms such
as x+ x to 2x before outputting equations. Chat-
GPT (339) and GPT-4 (260) write equations that
are unsimplified in this way, that are more unnatu-
ral, as they do not benefit from this training.
ChatGPT unnecessarily rearranges equations
in convoluted forms. There are instances where
ChatGPT has specifically used log rules (177, 270)
to rearrange equations. It also attempts to rearrange
in terms of square roots (510), among other odd-
ities. This demonstrates that any results derived
from ChatGPT may be written in some convoluted
form.
ChatGPT diverges from the prompt. Some equa-
tions are defined in the prompt. Although models
have to reason at the inter-equational level when
ordering prompt equations in the derivation, at the
intra-equational level there should be no difficulty
simply stating the equation as is. Despite this,
ChatGPT can rearrange prompt equations (404).
Also, all necessary int/diff results are given in the
prompt, yet ChatGPT unnecessarily decides to eval-
uate other derivatives or integrals.
Overall comparison. FLAN-T5-large produces
higher quality derivations, on average, than the
larger GPT models (Fig. 3), with a derivation style
matching the computer algebra system. GPT mod-
els behave differently to this, but GPT-4 possesses
a sharpness and coherence that ChatGPT lacks.

7.2 Perturbation Sensitivity and
Generalisability

The static qualitative analysis reveals that metrics
miss significant semantic information, even for sin-
gle examples. We similarly analyse the effect of
perturbations applied to the 13 static derivations
from Appendix C.2 (230 perturbed derivations be-
tween the models). We note that conclusions drawn



from this section are limited by the size of the
derivation sample. We avoid discussing conclu-
sions already determined from the quantitative anal-
ysis for brevity.

7.2.1 Generalisation to Variable Renaming
(VR)

The errors made by FLAN-T5 follow those of Chat-
GPT from the static analysis, namely, an increased
rate of incorrect equations (Derivation 22 VR),
longer derivations due to irrelevant steps (Deriva-
tion 21 VR) or less efficient paths (Derivation 20
VR), repeated equations (Derivation 14 VR), and
prompt divergence (Derivation 23 VR). Particu-
larly, FLAN-T5 is not just rearranging but is incor-
rectly writing prompt equations (582, 707).
VR errors not present in static derivations.
There are additional errors made by FLAN-T5 that
are unique to VR. Such as hallucinating variables
(631, 755) and omitting equality symbols from
premises (822). Note that GPT-4 makes none of
these errors5 yet scores 2 ROUGE less. ChatGPT
also writes redundant equations (621, 622).

7.2.2 Generalisation to Expression Exchange
(EE)

ChatGPT appears sensitive to expression ex-
change. ChatGPT makes similar errors as in the
static analysis, but more frequently. Most notably,
the number of incorrect equations doubles com-
parative to the static evaluation, ChatGPT repeats
equations (986, 1022), and multiple equality signs
have been used (1024). This is contrary to what the
metrics report in Tab. 4.
EE errors not present in static derivations.
FLAN-T5 begins to make a new category of er-
ror involving redundant equations such as x = x
(1010, 1033, 1058). Although not an error, a
premise equation defined in the prompt (1102) is
written with swapped LHS/RHS (i.e., EE). GPT-4
writes a different integration constant to that given
in the prompt (940).

7.2.3 Generalisation to Alternative Goal (AG)
ChatGPT appears sensitive to AG. In addition
to the usual static errors, ChatGPT doubles the
number of incorrect equations written. This is sur-
prising given that this perturbation simply uses an
alternative final operation to obtain the final equa-
tion, and is hence a very minor perturbation. Ta-

5To make quick comparisons simply CTRL+F "Derivation
13 VR" then omit the "VR" (for derivations 13-25 inclusive).

ble 4 shows ROUGE differences of < 1 across all
models.
AG errors not present in static derivations.
“Derivation 18 AG” is uniquely incorrect as it is
the only instance that limits of integration (1247)
occur in any equation. Additionally, prompt diver-
gence occurs as it does with GPT-4 – with alter-
native constants of integration (1223, 1224, 1245,
1246). Fig. 4 shows there is a clear operation prefer-
ence. To derive an alternative goal equation, more
unique alternative equations are obtained using less
likely combinations of operators (Table 5). This
affects GPT models through the randomised few-
shot prompt. GPT-4 and ChatGPT independently
select the same integration constant in the same
derivation (Derivation 18 AG), which features the
only double integral in the examined derivations.
FLAN-T5 has been fine-tuned to only include inte-
gration constants from the training vocabulary, and
does not make this change.

7.2.4 Generalisation to Step Removal (SR)
Models postpone integration or differentiation.
SR removes diff/int results from the prompt. These
results simultaneously guide the derivation through
intermediate equations, while providing answers
to difficult derivatives/integrals. In Section 3.3 we
discussed two scenarios for SR derivations: (1)
avoiding such results where appropriate; (2) per-
forming the necessary evaluation with an increased
likelihood of hallucination. In some SR derivations
(14, 15, 21, 25) such evaluation is avoided, or post-
poned until the final equation, where it is given
indirectly through the goal equation in the prompt.
This postponement is an unexpected approach to
(1). In others (16, 18, 24), diff/int evaluation is
performed in roughly the original place, following
(2). GPT-4 incorrectly integrates for the first time
by a factor of -1 (1583).
SR errors not present in static derivations.
Present in other perturbed derivations, redundant
equations (e.g., x = x) are now written by GPT-4
(1493, 1547) alongside the other models. Some of
these are final equations dually resulting in a unique
form of prompt divergence. ChatGPT writes an
“equation” (1517) that includes natural language.

8 Correlating Metrics with Manual
Scores

We have highlighted that metrics do not agree on
various aspects, and more obviously that they do
not account for mathematical errors. Here, we



further explore their ability to rank models and
perturbations, and train a regression model to im-
prove correlation with manual scores. We sample
100 static and perturbed derivations from Appen-
dices C.2 and D, define a number of error categories
based on the previous section, and formulate vari-
ous manual rankings based on error counts within
this sample. Rankings from generation metrics nei-
ther agree nor correlate with manual rankings, with
respect to both model performance (Tab. 9) and
whether a model generalises better to a given per-
turbation than another model (Tab. 10). However,
they agree and correlate better with rankings based
on generalisation to each perturbation (Tab. 11).
In particular, we use the error categories to define
a scoring function (separately to the manual rank-
ings), and train an XGBoost regressor (Chen and
Guestrin, 2016) to learn this function using various
scores from other metrics. We define fixed weights
w, that determine the importance of categories, and
obtain scores for each derivation through the fol-
lowing function:

M(x;w, α) = α

(
exp

{
ln

(
α+ 1

α

)
w · x

}
−1

)
This heavily penalizes incorrect and irrelevant
equations, and overall incorrectness. The ex-
ploratory XGB metric returns scores that naturally
correlate far better with the scoring function, over
the derivation sample, than the generation metrics
(Tab. 12), and it leads to improved correlation coef-
ficients for model performance and generalisation
rankings, but lower coefficients for perturbation
generalisation rankings. This demonstrates that
correlation may be improved and, combined with
correlation coefficients from the generation met-
rics, suggests a potential trade-off between what
current metrics are able to effectively rank. No met-
ric scores positive coefficients in all three rankings.
Appendix A describes the above in more detail.

9 Conclusion

In this work, we use a derivation generation al-
gorithm to create data for fine-tuning and evalu-
ating LLMs, involving granular multi-step math-
ematical reasoning with equations. We fine-tune
and prompt a range of LLMs to generate LaTeX
derivations, and systematically perturb prompts and
derivations to determine model generalisability and
out-of-distribution mathematical proficiency. This
reveals critical insights for mathematical text gen-
eration and reasoning with LLMs.

Fine-tuning with synthetic reasoning data can
lead to performance advantages over larger
models. The parameter count of FLAN-T5-large
is respectively 2 and (reportedly) 6 orders of mag-
nitude smaller than ChatGPT and GPT-4. Yet, af-
ter fine-tuning on synthetic derivations, its perfor-
mance surpasses the few-shot performance of Chat-
GPT and GPT-4 in conventional scores, even on
out-of-distribution examples, in every metric. This
suggests that the careful fine-tuning of open source
foundation models (Rombach et al., 2021; Touvron
et al., 2023) may lead to more effective inference in
specialized fields, such as mathematics or physics.
Text generation metrics fail to capture fine-
grained semantic failures of intricate reasoning.
Without suitable metrics it is challenging to deter-
mine if generated reasoning is sound. In mathemat-
ical language, there is a high sensitivity to pertur-
bations as a consequence of the modality’s stricter
reliance on structure and long-range dependencies.
A minute change to a bracket or exponent can have
devastating effects on the mathematical validity
of a statement. The canonical metrics explored
in this work entirely fail to capture this semantic
nuance, even failing to correctly rank model perfor-
mance in multiple categories. Moreover, the out-of-
distribution performance of models is revealed only
by considering the score difference between static
and perturbed examples, rather than conventional
scores on perturbed sets alone. Experiments train-
ing a regressor (XGBoost) to approximate a custom
scoring function generally leads to better correla-
tion with manual rankings. However, the regressor
fails where other metrics succeed, highlighting a
trade-off in ranking proficiency. A suitable metric
should overcome such trade-offs, while delivering
a fair score of the validity of individual derivations,
ideally without relying on references (Ke et al.,
2022). Synthetic derivations may be used to en-
hance the mathematical capabilities of LLMs, but
it is of critical importance to develop suitable met-
rics to support LLM-based mathematical reasoning
in specialized fields.

10 Limitations

Post-processing. Additional tokens were neces-
sarily added to the T5 vocabulary that are space
separated from other tokens during inference (such
as “\\”). Also, “\\” is omitted in cases where it
should be the first instance of a sequence. These
are issues when trying to render LaTeX. We do not



correct this when evaluating output derivations in
the quantitative analysis (it would make little dif-
ference if we did), but we do correct it to render the
1.7K equations in the Appendix. On the Hugging
Face repository we include a pipeline allowing the
MathT5 models to be used for inference with the
hyperparameters used in this paper, which includes
this post-processing.

Few-shot prompts. We have not exhaustively
tested available prompts including chain-of-
thought prompting and others. We have however
ensured that static prompts reliably output deriva-
tions that match the specific template we fit deriva-
tions into; a sequence of solely equations (without
“$”) separated by “and”. In over 50 static deriva-
tions tested, there were no examples that diverged
from the template. However, it is difficult to assess
whether a given prompt is optimal without repeti-
tively evaluating a large number of samples, which,
given the OpenAI API pricing, can get expensive.

Fine-tuning. We have also not exhaustively
tested training hyperparameters. It is likely that
the performance of the fine-tuned models could be
improved further.

Synthetic derivations. The synthetic derivations
are designed to capture highly granular reasoning
at the operational level. Compared to real-world
workings this is overly verbose. Further, while we
have explored the most frequent operation chains
(Table 5) that characterize derivations, many of
these combinations are those which would rarely be
employed in practice. To prompt a human to derive
equations as the fine-tuned models do, one would
ask them to write an equation for each operation
they use, many of which would be taken for granted.
However, the fine-tuned models also skip steps.
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A Correlating Metrics with Manual
Scores

The qualitative analysis shows that that metrics
are failing to capture important error types causing
deviations from reference derivations, such as in-
correct or irrelevant equations. They also penalize
derivations that differ by taking correct but alter-
native reasoning paths. As we briefly discuss in
the quantitative analysis, they fail to agree on what
models generalise better to perturbations. At the
same time, they largely agree on the difficulties of
the perturbations themselves, in the context of indi-
vidual models. In this section, we further explore
their ability to rank models and perturbations, and
train a regression model to improve some correla-
tion scores at the expense of others.
Learning a manual scoring function. To con-
struct a scoring function, we first sample 100
random derivations from Appendices C.2 and D,
evenly distributed between ChatGPT and FLAN-
T5-large. The set is evenly distributed between
VR, EE, AG, and SR, and static derivations are
overrepresented. We define 6 categories for the
sample derivations: overall determines if the entire
derivation is incorrect overall, skip indicates the
presence of any skipped steps, repeat denotes the
presence of repeated equations, incorrect denotes
the presence of clearly incorrect equations, irrel-
evant denotes if equations are derived but do not
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contribute to the goal equation, redundant equa-
tions denotes the existence of equations where the
RHS is too obviously equal to the LHS, such as
cos(x) sin(x) = sin(x) cos(x) (1550). Each gener-
ated derivation is associated with a one-hot encod-
ing x, that represents the 6 categories. We define
fixed weights w, that determine the importance of
categories in some idealized score. We obtain man-
ual scores for each derivation through the following
function

M(x;w, α) = α

(
exp

{
ln

(
α+ 1

α

)
w · x

}
−1

)
,

where w = [wovr, wskip, wrep, winc, wirr, wred] =
[0.2, 0.05, 0.15, 0.25, 0.25, 0.1], and α = 0.001.
This weighting scheme heavily penalizes incorrect
and irrelevant equations, and overall incorrectness.
The category value xovr is somewhat subjective
but highly correlates with xinc. Therefore, despite
overall correctness being (arguably) the most im-
portant factor, wovr is lower due to the high winc.
Otherwise, this choice of function (and α) ensures
derivations score 1 without errors, 0 with all error
types, and strong penalization of any error. Score
bunching at M(x;w, α) < 0.5 means a derivation
might not contain an error from each category, yet
may still be comparably wrong.
We fit an XGBoost regressor (Chen and Guestrin,
2016) to the derivation sample. We train with 8
features, including conventional ROUGE, BLEU,
BLEURT, and GLEU scores, and the correspond-
ing perturbation ratios described in Table 8. This
ratio is set to 1 for static derivations. XGBoost
learns the scoring function with a correlation of
1.0000 (Table 12). These scores are denoted in
Tables 7-9 as XGB. We avoid any claim that this
metric is suitable for this task, nor math generation
tasks in general. It is considered for the purpose
of exploring the possibility of accounting for error
types that other metrics miss.
Formulating rankings. A suitable metric should
at least form correct rankings of aspects such as
model performance and generalisability with re-
spect to important semantic features of generated
text. To reduce subjectivity from the defined man-
ual scoring function, we rely on the more objec-
tive incorrect, irrelevant, and redundant equation
categories to guide manual rankings described in
Tables 6 and 7. We consider three ranking schemes:
model performance rankings on static and per-
turbed test sets as measured by conventional metric
scores (Table 9), model generalisation rankings

on perturbed sets calculated from the difference
between static and perturbed scores (Table 10), and
perturbation generalisation rankings that do not
compare models, but rather rank perturbations with
respect to how well each model generalises to them
(Table 11).
Ranking proficiency trade-off. The results echo
the quantitative analysis on much larger test sets.
Namely, metrics are failing to rank model perfor-
mance based on conventional e.g. ROUGE scores
alone (Tab. 9). This is a major problem because
one might not have access to reasoning examples
before a perturbation was made, or may be evaluat-
ing on other out-of-distribution examples, and they
would be unable to reliably determine which model
is better. Even if one does have access both to
static and perturbed scores (Tab. 10) this difficulty
persists, as in Tab. 4. However, it is reconfirmed
from the quantitative analysis (Tab. 11) that, at least
within a single model’s scope, metrics agree with
manual rankings on perturbation difficulty (notably
GLEU). Collectively, this suggests some trade-off
between what metrics can proficiently rank. Not a
single metric obtains a positive correlation coef-
ficient in all three rankings. The introduction of
the learned XGB metric reinforces this trade-off.
It scores higher in model performance and gener-
alisation rankings, but fails to rank perturbations.
It also gives the lowest static scores (Tab. 6) and
the highest score difference due to perturbations
(Tab. 7).

B Training Details and Metrics

We fine-tune the T5 and FLAN-T5 transformer
models (base + large) for 25 epochs, with a learn-
ing rate of 5e-5, a batch size of 4, and a random
seed of 42, using the Adafactor optimizer. We run
a validation epoch after each training epoch, using
the ROUGE-2 score as the performance metric with
early stopping. Additionally, the model vocabulary
is extended to better fit our custom dataset. Token
embeddings in the model are resized to maintain
consistency with the updated vocabulary. Of the
metrics, ROUGE (Lin, 2004) is used for evaluating
automatic summarization and machine translation,
and measures the quality of a summary by compar-
ing it to reference summaries using n-gram overlap.
BLEU (Papineni et al., 2002) is used similarly and
considers what proportion of the generated words
are present in the reference text, including a penalty
for sentences that are too short. BLEURT (Sellam



Length Permutations Chain P(Chain) Relative Frequency

4 842
∂ → ∂E → SL 0.0369 31∫
→

∫
E → SL 0.0186 16

5 2850
+→ ∂ → ∂E → SL 0.0053 15

− → ∂ → ∂E → SL 0.0048 14

6 3163

∫
→

∫
E → SL →

∫
E → SR 0.0033 11

+→ ∂ → ∂E → SL → SR 0.0020 6

7 2081
× → ÷ → R→ SR → SR → XO 0.0009 2

÷ →
∫
→ ∂ →

∫
E → SL → ∂E 0.0009 2

Table 5: For a given derivation length, Permutations describes the number of unique operation sequences present in
the training data. Chain describes the two most frequent operation sequences based on symbols defined in Fig. 4.
P(Chain) is the probability of the chain, and Relative Frequency is its relative probability of occurrence compared to
the average.

Perturbation Model Incorrect eqs Repeating eqs Redundant eqs Manual rank ROUGE BLEU BLEURT GLEU XGB

Static
FLAN-T5 2 0 0 2 92 86 76 87 77

GPT-4 0 0 0 1 84 73 65 76 55
ChatGPT 2 2 0 3 79 69 64 72 47

VR
FLAN-T5 6 2 1 3 85 77 75 78 55

GPT-4 0 0 0 1 85 77 70 80 53
ChatGPT 4 1 1 2 81 75 70 76 41

EE
FLAN-T5 5 3 2 3 90 85 73 85 19

GPT-4 0 0 0 1 84 75 65 78 34
ChatGPT 4 2 0 2 82 75 62 77 26

AG
FLAN-T5 3 1 0 2 94 90 79 91 56

GPT-4 0 0 0 1 84 73 66 77 34
ChatGPT 4 1 0 3 84 78 70 79 22

SR
FLAN-T5 3 1 1 2 85 78 65 79 43

GPT-4 3 0 2 1 79 66 54 70 38
ChatGPT 5 0 2 3 76 66 55 69 26

Table 6: Values used for calculating Spearman’s rank coefficients in Table 9. Rounded values are not used to make
calculations, and are for ease of reading. Incorrect/repeating/redundant eqs represents the number of derivations that
include that error (not the total number of errors). A model with highest performance has a manual rank of 1.

Model Perturbation Incorrect eqs Repeating eqs Redundant eqs Manual rank ROUGE BLEU BLEURT GLEU XGB

FLAN-T5

VR 4 2 1 4 6.1 8.3 1.5 8.3 22.0
EE 3 3 2 3 1.0 -0.1 2.8 0.3 57.2
AG 1 1 0 1 -0.4 -1.5 -0.5 -1.3 20.6
SR 1 1 1 2 7.9 9.3 12.1 8.3 33.5

GPT-4

VR 0 0 0 1 0.8 0.3 -3.6 0.4 2.2
EE 0 0 0 1 1.6 3.5 0.6 3.1 20.7
AG 0 0 0 1 1.6 4.4 0.5 3.2 20.8
SR 3 0 2 4 5.8 8.0 11.5 6.3 17.4

ChatGPT

VR 2 -1 1 2 -0.2 -3.4 -8.2 -2.3 6.2
EE 2 0 0 3 0.9 -0.5 1.5 -0.5 21.2
AG 2 -1 0 1 1.1 -0.5 0.6 -0.5 25.0
SR 3 -2 2 4 5.4 5.0 11.1 3.9 21.3

Table 7: Values used for calculating Spearman’s rank coefficients in Tables 10 and 11. Incorrect/repeating/redundant
eqs represents the number of derivations that include that error in the relevant perturbed derivations, minus those
from the static derivations. Exactly these values are used in calculations. A model generalises best to a perturbation
with a manual rank of 1.

et al., 2020) is a learned evaluation metric trained
on human-annotated data, accounts for complex

linguistic phenomena, and correlates well with hu-
man judgement. GLEU (Mutton et al., 2007) is a



ROUGE† BLEU† BLEURT† GLEU†

VR EE AG SR VR EE AG SR VR EE AG SR VR EE AG SR
T5-base 0.88 0.90 0.93 0.82 0.93 0.84 0.90 0.75 1.72 0.92 0.93 0.77 0.91 0.84 0.90 0.77
FLAN-T5-base 0.71 0.88 0.92 0.81 0.71 0.81 0.88 0.73 0.70 0.91 0.85 0.73 0.73 0.81 0.89 0.76
T5-large 0.94 0.90 0.93 0.82 0.96 0.85 0.90 0.75 1.03 0.92 0.92 0.79 0.95 0.85 0.91 0.77
FLAN-T5-large 0.91 0.91 0.93 0.82 0.95 0.85 0.89 0.75 2.08 0.92 0.92 0.79 0.94 0.85 0.90 0.77
ChatGPT 0.92 0.84 0.86 0.77 0.88 0.75 0.80 0.69 0.30 0.87 0.79 0.72 0.89 0.76 0.82 0.72
GPT-4 0.94 0.88 0.91 0.83 0.96 0.79 0.86 0.76 1.29 0.90 0.85 0.79 0.95 0.81 0.88 0.78

Table 8: Each value is given by M(ŝ, p̂)/M(s, p), where s and p are static and perturbed ground truth derivations,
and ŝ and p̂ are corresponding predictions, for M ∈ {ROUGE, BLEU, BLEURT, GLEU}. A score < 1 indicates
that, on average, the similarity between static and perturbed ground truths is higher than the similarity between
predictions. A low score therefore means a given perturbation causes predictions that diverge from static predictions
(normalized for the effect of that perturbation on the ground truth).

Figure 3: The ROUGE distribution over the sample
of 100 derivations. Static (dark blue) represents un-
perturbed derivations, while other colors represent per-
turbed derivations.

Static VR EE AG SR Average
ROUGE 0.5 −0.5 −0.5 0.5 0.5 0.1
BLEU 0.5 −0.5 −0.5 −0.5 0.5 −0.1
BLEURT 0.5 −0.5 −0.5 −0.5 −0.5 −0.3
GLEU 0.5 0.5 −0.5 0.5 −0.5 0.1
XGB 0.5 −0.5 1.0 0.5 0.5 0.4

Table 9: Model performance rankings. Spearman’s
ranking coefficients calculated by comparing metric-
based rankings to manual rankings, based on the con-
ventional performance of FLAN-T5-large, GPT-4, and
ChatGPT, from Table 6.

VR EE AG SR Average
ROUGE 0.5 −0.5 −0.5 −0.5 −0.3
BLEU 0.5 −0.5 −0.5 −0.5 −0.3
BLEURT 0.5 1.0 0.5 −0.5 0.4
GLEU 0.5 −0.5 −0.5 −0.5 −0.3
XGB 1.0 1.0 0.5 −1.0 0.4

Table 10: Model generalisation rankings. Spearman
coefficients show how accurately each metric ranks each
model’s generalisation to a given perturbation, mea-
sured by a performance drop from the static scores (such
as Table 4), calculated from Table 7.

FLAN-T5 GPT-4 ChatGPT Average
ROUGE 0.4 0.8 0.4 0.5
BLEU 0.4 0.8 0.6 0.6
BLEURT 0.2 0.8 0.8 0.6
GLEU 0.6 0.8 0.6 0.7
XGB 0.4 −0.3 −0.2 0.0

Table 11: Perturbation generalisation rankings.
Spearman coefficients show how accurately each met-
ric ranks model generalisation to each perturbation,
measured by a performance drop from the static scores,
calculated from Table 7.

Correlation
ROUGE 0.47
BLEU 0.31
BLEURT 0.34
GLEU 0.36
XGB 1.00

Table 12: Pearson correlation coefficients between met-
ric scores and manual scores based on several categories
of derivation errors.

variant of BLEU for evaluating dialogue systems,
and measures n-gram overlap between generated
and reference sentences, considering both precision
and recall.



Figure 4: P (O) is the probability that operation O is used to generate a given equation.

C Static analysis

C.1 Derivations where FLAN-T5-large
obtains 91 ROUGE

C.1.1 Derivation 1
Correct

Fc (J,v) =

∫
(J+ v)dJ (1)

Fc (J,v) =
J2

2
+ Jv + f (2)

Fc (J,v)
J2

2 + Jv + f
= 1 (3)

∫
(J+ v)dJ

J2

2 + Jv + f
= 1 (4)

FLAN-T5
91.0 88.9 70.7 89.0

Fc (J,v) =

∫
(J+ v)dJ (5)

Fc (J,v) =
J2

2
+ Jv + f (6)

J2

2
+ Jv + f =

∫
(J+ v)dJ (7)

∫
(J+ v)dJ

J2

2 + Jv + f
= 1 (8)

GPT-4
89.7 89.2 71.4 89.3

Fc (J,v) =

∫
(J+ v)dJ (9)

Fc (J,v) =
J2

2
+ Jv + f (10)

∫
(J+ v)dJ =

J2

2
+ Jv + f (11)∫

(J+ v)dJ
J2

2 + Jv + f
= 1 (12)

ChatGPT
76.9 70.8 53.8 70.9

Fc (J,v) =

∫
(J+ v)dJ (13)

∂

∂J
Fc (J,v) =

∂

∂J

∫
(J+ v)dJ (14)

∂

∂J
Fc (J,v) = J+ v (15)

Fc (J,v) =
J2

2
+ Jv + f (16)∫

(J+ v)dJ
J2

2 + Jv + f
= 1 (17)



C.1.2 Derivation 2
Correct

f(Cd) = Cd (18)

d

dCd
f(Cd) =

d

dCd
Cd (19)

d

dCd
f(Cd) = 1 (20)

1 =
1

d
dCd

f(Cd)
(21)

1 =
1

d
dCd

Cd

(22)

1 =
1

d
df(Cd)

f(Cd)
(23)

FLAN-T5
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d
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d
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d
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d
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d
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GPT-4
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d
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d
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1

d
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1 =
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f(Cd)
(34)

ChatGPT
77.0 75.7 70.1 76.3

f(Cd) = Cd (35)
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dCd
f(Cd) = 1 (36)
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dCd
f(Cd) (37)
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1 =
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C.1.3 Derivation 3
Correct

Ay (ϕ2) = cos (ϕ2) (40)

d

dϕ2
Ay (ϕ2) =

d

dϕ2
cos (ϕ2) (41)

d

dϕ2
Ay (ϕ2) = − sin (ϕ2) (42)

d

dϕ2
cos (ϕ2) = − sin (ϕ2) (43)

d2

dϕ2
2

cos (ϕ2) =
d

dϕ2
− sin (ϕ2) (44)

d3

dϕ3
2

cos (ϕ2) =
d2

dϕ2
2

− sin (ϕ2) (45)

FLAN-T5
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Ay (ϕ2) = cos (ϕ2) (46)
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d
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d
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d2
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GPT-4
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ChatGPT
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C.1.4 Derivation 4
Correct

l(ME) = cos (ME) (61)

d

dME
l(ME) =

d

dME
cos (ME) (62)

d

dME
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C.1.5 Derivation 5
Correct
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GPT-4
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C.1.6 Derivation 6
Correct

Ψ(δ) = log (δ) (115)
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FLAN-T5
90.7 83.2 75.0 84.3

Ψ(δ) = log (δ) (120)

d

dδ
Ψ(δ) =

d

dδ
log (δ) (121)

d

dδ
Ψ(δ) =

1

δ
(122)

(
d

dδ
Ψ(δ))−δ d

dδ
log (δ) =

( d
dδΨ(δ))−δ

δ
(123)

GPT-4
92.2 81.4 87.4 81.4

Ψ(δ) = log (δ) (124)

d

dδ
Ψ(δ) =

d

dδ
log (δ) (125)

d

dδ
Ψ(δ) =

1

δ
(126)

(
d

dδ
Ψ(δ))−δ d

dδ
log (δ) =

(1δ )
−δ

δ
(127)

(
d

dδ
Ψ(δ))−δ d

dδ
log (δ) =

( d
dδΨ(δ))−δ

δ
(128)

ChatGPT
95.0 89.4 84.2 89.4

Ψ(δ) = log (δ) (129)

d

dδ
Ψ(δ) =

d

dδ
log (δ) (130)

d

dδ
Ψ(δ) =

1

δ
(131)

(
d

dδ
Ψ(δ))−δ = (

1

δ
)−δ (132)

(
d

dδ
Ψ(δ))−δ d

dδ
log (δ) =

( d
dδΨ(δ))−δ

δ
(133)



C.1.7 Derivation 7
Correct

VB (Pe) = sin (Pe) (134)

d

dPe
VB (Pe) =

d

dPe
sin (Pe) (135)

d

dPe
VB (Pe) = cos (Pe) (136)

d

dPe
sin (Pe) = cos (Pe) (137)

d
dPe

sin (Pe)

Pe
=

cos (Pe)

Pe
(138)

−1 +
d

dPe
sin (Pe)

Pe
= −1 + cos (Pe)

Pe
(139)

FLAN-T5
92.3 88.9 81.1 88.9

VB (Pe) = sin (Pe) (140)

d

dPe
VB (Pe) =

d

dPe
sin (Pe) (141)

d

dPe
VB (Pe) = cos (Pe) (142)

d
dPe

VB (Pe)

Pe
=

cos (Pe)

Pe
(143)

d
dPe

sin (Pe)

Pe
=

cos (Pe)

Pe
(144)

−1 +
d

dPe
sin (Pe)

Pe
= −1 + cos (Pe)

Pe
(145)

GPT-4
78.4 57.7 44.0 64.3

VB (Pe) = sin (Pe) (146)

d

dPe
VB (Pe) =

d

dPe
sin (Pe) (147)

d

dPe
sin (Pe) = cos (Pe) (148)

−1 +
d

dPe
sin (Pe)

Pe
= −1 + cos (Pe)

Pe
(149)

ChatGPT
78.4 57.7 44.0 64.3

VB (Pe) = sin (Pe) (150)

d

dPe
VB (Pe) =

d

dPe
sin (Pe) (151)

d

dPe
sin (Pe) = cos (Pe) (152)

−1 +
d

dPe
sin (Pe)

Pe
= −1 + cos (Pe)

Pe
(153)



C.1.8 Derivation 8
Correct

M(J) = cos (J) (154)

∫
M(J)dJ =

∫
cos (J)dJ (155)

∫
M(J)dJ = Fg + sin (J) (156)

Fg + sin (J) =

∫
cos (J)dJ (157)

(Fg + sin (J))Fg = (

∫
cos (J)dJ)Fg (158)

2(Fg+sin (J))Fg = (Fg+sin (J))Fg+(

∫
cos (J)dJ)Fg

(159)

∫
2(Fg+sin (J))FgdFg =

∫
((Fg+sin (J))Fg+(

∫
cos (J)dJ)Fg)dFg

(160)

FLAN-T5
92.1 90.9 80.3 90.9

M(J) = cos (J) (161)

∫
M(J)dJ =

∫
cos (J)dJ (162)

(

∫
M(J)dJ)Fg = (

∫
cos (J)dJ)Fg (163)

∫
M(J)dJ = Fg + sin (J) (164)

(Fg + sin (J))Fg = (

∫
cos (J)dJ)Fg (165)

2(Fg+sin (J))Fg = (Fg+sin (J))Fg+(

∫
cos (J)dJ)Fg

(166)

∫
2(Fg+sin (J))FgdFg =

∫
((Fg+sin (J))Fg+(

∫
cos (J)dJ)Fg)dFg

(167)

GPT-4
86.4 73.4 71.9 76.2

M(J) = cos (J) (168)

∫
M(J)dJ =

∫
cos (J)dJ (169)

∫
M(J)dJ = Fg + sin (J) (170)

2(Fg+sin (J))Fg = (Fg+sin (J))Fg+(

∫
cos (J)dJ)Fg

(171)

∫
2(Fg+sin (J))FgdFg =

∫
((Fg+sin (J))Fg+(

∫
cos (J)dJ)Fg)dFg

(172)

ChatGPT
84.5 74.5 67.4 76.2

M(J) = cos (J) (173)

∫
M(J)dJ =

∫
cos (J)dJ (174)

∫
M(J)dJ = sin (J) + Fg (175)

Fg + sin (J) =

∫
cos (J)dJ + Fg (176)

(Fg + sin (J))Fg = eFg log (Fg+sin (J)) (177)

∫
2(Fg+sin (J))FgdFg =

∫
((Fg+sin (J))Fg+(

∫
cos (J)dJ)Fg)dFg

(178)



C.1.9 Derivation 9
Correct

p̂0(ϕ,H) =
∂

∂ϕ
(−H+ ϕ) (179)

p̂0(ϕ,H) = 1 (180)

∂

∂ϕ
p̂0(ϕ,H) =

d

dϕ
1 (181)

∂2

∂ϕ2
(−H+ ϕ) =

d

dϕ
1 (182)

∂2

∂ϕ2
(−H+ ϕ) =

∂

∂ϕ
p̂0(ϕ,H) (183)

0 =
∂

∂ϕ
p̂0(ϕ,H) (184)

0 =
∂2

∂ϕ2
(−H+ ϕ) (185)

−3 ∂

∂ϕ
(−H+ϕ)−1 = −3 ∂

∂ϕ
(−H+ϕ)+

∂2

∂ϕ2
(−H+ϕ)−1

(186)

FLAN-T5
90.1 89.3 59.5 89.4

p̂0(ϕ,H) =
∂

∂ϕ
(−H+ ϕ) (187)

p̂0(ϕ,H) = 1 (188)

∂

∂ϕ
p̂0(ϕ,H) =

d

dϕ
1 (189)

0 =
∂

∂ϕ
(−H+ ϕ)− 1 (190)

− ∂

∂ϕ
(−H+ϕ)+

∂

∂ϕ
p̂0(ϕ,H) = − ∂

∂ϕ
(−H+ϕ)+

∂2

∂ϕ2
(−H+ϕ)

(191)

0 =
∂

∂ϕ
p̂0(ϕ,H) (192)

−3 ∂

∂ϕ
(−H+ϕ)−1 = −3 ∂

∂ϕ
(−H+ϕ)+

∂2

∂ϕ2
(−H+ϕ)−1

(193)

GPT-4
70.9 43.0 32.8 53.8

p̂0(ϕ,H) =
∂

∂ϕ
(−H+ ϕ) (194)

p̂0(ϕ,H) = 1 (195)

0 =
∂

∂ϕ
p̂0(ϕ,H) (196)

0 =
∂

∂ϕ
1 (197)

−3 ∂

∂ϕ
(−H+ϕ)−1 = −3 ∂

∂ϕ
(−H+ϕ)+

∂2

∂ϕ2
(−H+ϕ)−1

(198)

ChatGPT
79.2 60.9 49.5 66.6

p̂0(ϕ,H) =
∂

∂ϕ
(−H+ ϕ) (199)

∂

∂ϕ
p̂0(ϕ,H) =

∂2

∂ϕ2
(−H+ ϕ) (200)

p̂0(ϕ,H) = 1 (201)

0 =
∂

∂ϕ
p̂0(ϕ,H) (202)

−3 ∂

∂ϕ
(−H+ϕ)−1 = −3 ∂

∂ϕ
(−H+ϕ)+

∂2

∂ϕ2
(−H+ϕ)−1

(203)



C.1.10 Derivation 10
Correct

θ1(g) = eg (204)

∫
θ1(g)dg =

∫
egdg (205)

(

∫
θ1(g)dg)

g = (

∫
egdg)g (206)

d

dg
(

∫
θ1(g)dg)

g =
d

dg
(

∫
egdg)g (207)

d

dg
(

∫
θ1(g)dg)

g =
∂

∂g
(g + eg)g (208)

∂

∂g
(g + eg)g =

d

dg
(

∫
egdg)g (209)

∂

∂g
(g + θ1(g))

g =
d

dg
(

∫
egdg)g (210)

FLAN-T5
90.1 80.4 77.1 82.0

θ1(g) = eg (211)

∫
θ1(g)dg =

∫
egdg (212)

(

∫
θ1(g)dg)

g = (

∫
egdg)g (213)

d

dg
(

∫
θ1(g)dg)

g =
d

dg
(

∫
egdg)g (214)

d

dg
(

∫
θ1(g)dg)

g =
∂

∂g
(g + eg)g (215)

∂

∂g
(g + θ1(g))

g =
d

dg
(

∫
egdg)g (216)

GPT-4
75.4 79.1 63.1 79.9

θ1(g) = eg (217)

d

dg
(

∫
θ1(g)dg)

g =
d

dg
(

∫
egdg)g (218)

g + θ1(g) = g + eg (219)

(g + θ1(g))
g = (g + eg)g (220)

∂

∂g
(g + θ1(g))

g =
∂

∂g
(g + eg)g (221)

∂

∂g
(g + θ1(g))

g =
d

dg
(

∫
egdg)g (222)

ChatGPT
81.8 70.0 57.5 73.1

θ1(g) = eg (223)

d

dg
θ1(g) = eg (224)

∫
θ1(g)dg =

∫
egdg (225)

(

∫
θ1(g)dg)

g = (

∫
egdg)g (226)

∂

∂g
(g + eg)g =

∂

∂g
(g + θ1(g))

g (227)

∂

∂g
(g + θ1(g))

g =
d

dg
(

∫
egdg)g (228)



C.1.11 Derivation 11
Correct

ẋ(v1, f , ε) =
fε

v1
(229)

∂

∂f
ẋ(v1, f , ε) =

∂

∂f

fε

v1
(230)

∂

∂f
ẋ(v1, f , ε) =

ε

v1
(231)

ẋ(v1, f , ε) = f
∂

∂f
ẋ(v1, f , ε) (232)

FLAN-T5
90.4 83.0 79.1 83.0

ẋ(v1, f , ε) =
fε

v1
(233)

∂

∂f
ẋ(v1, f , ε) =

∂

∂f

fε

v1
(234)

∂

∂f
ẋ(v1, f , ε) =

ε

v1
(235)

∂

∂f

fε

v1
=

ε

v1
(236)

ẋ(v1, f , ε) = f
∂

∂f
ẋ(v1, f , ε) (237)

GPT-4
100.0 100.0 84.8 100.0

ẋ(v1, f , ε) =
fε

v1
(238)

∂

∂f
ẋ(v1, f , ε) =

∂

∂f

fε

v1
(239)

∂

∂f
ẋ(v1, f , ε) =

ε

v1
(240)

ẋ(v1, f , ε) = f
∂

∂f
ẋ(v1, f , ε) (241)

ChatGPT
100.0 100.0 84.8 100.0

ẋ(v1, f , ε) =
fε

v1
(242)

∂

∂f
ẋ(v1, f , ε) =

∂

∂f

fε

v1
(243)

∂

∂f
ẋ(v1, f , ε) =

ε

v1
(244)

ẋ(v1, f , ε) = f
∂

∂f
ẋ(v1, f , ε) (245)



C.1.12 Derivation 12
Correct

ω(µ) = eµ (246)

1 =
eµ

ω(µ)
(247)

∫
1dµ =

∫
eµ

ω(µ)
dµ (248)

J+ µ =

∫
eµ

ω(µ)
dµ (249)

J+ µ− 1

ω(µ)
=

∫
eµ

ω(µ)
dµ− 1

ω(µ)
(250)

J+µ+
eµ

ω(µ)
− 1

ω(µ)
=

∫
eµ

ω(µ)
dµ+

eµ

ω(µ)
− 1

ω(µ)
(251)

FLAN-T5
90.0 88.4 71.1 88.4

ω(µ) = eµ (252)

1 =
eµ

ω(µ)
(253)

∫
1dµ =

∫
eµ

ω(µ)
dµ (254)

J+ µ =

∫
eµ

ω(µ)
dµ (255)

J+ µ =

∫
1dµ (256)

J+ µ+
eµ

ω(µ)
=

∫
eµ

ω(µ)
dµ+

eµ

ω(µ)
(257)

J+µ+
eµ

ω(µ)
− 1

ω(µ)
=

∫
eµ

ω(µ)
dµ+

eµ

ω(µ)
− 1

ω(µ)
(258)

GPT-4
79.5 82.3 66.9 82.9

ω(µ) = eµ (259)

eµ

ω(µ)
=

eµ

eµ
(260)

eµ

ω(µ)
= 1 (261)

∫
eµ

ω(µ)
dµ =

∫
1dµ (262)

∫
eµ

ω(µ)
dµ = µ+ J (263)

J+µ+
eµ

ω(µ)
− 1

ω(µ)
=

∫
eµ

ω(µ)
dµ+

eµ

ω(µ)
− 1

ω(µ)
(264)

ChatGPT
77.7 72.1 54.8 72.2

ω(µ) = eµ (265)

d

dµ
ω(µ) = eµ (266)

d

dµ
lnω(µ) =

1

ω(µ)
(267)

J+ µ =

∫
eµ

ω(µ)
dµ (268)

d

dµ
(J+ µ) =

eµ

ω(µ)
(269)

d

dµ
(J+ lnω(µ)) =

eµ

ω(µ)
(270)

J+ lnω(µ) =

∫
eµ

ω(µ)
dµ (271)

J+µ+
eµ

ω(µ)
− 1

ω(µ)
=

∫
eµ

ω(µ)
dµ+

eµ

ω(µ)
− 1

ω(µ)
(272)



C.2 Random sample of derivations
C.2.1 Derivation 13
Correct

W (Pe) = log (Pe) (273)

d

dPe
W (Pe) =

d

dPe
log (Pe) (274)

d

dPe
W (Pe) =

1

Pe
(275)

d

dPe
log (Pe) =

1

Pe
(276)

∫
d

dPe
log (Pe)dPe =

∫
1

Pe
dPe (277)

FLAN-T5
99.2 99.5 66.4 99.5

(Pe) = log (Pe) (278)

d

dPe
W (Pe) =

d

dPe
log (Pe) (279)

d

dPe
W (Pe) =

1

Pe
(280)

d

dPe
log (Pe) =

1

Pe
(281)

∫
d

dPe
log (Pe)dPe =

∫
1

Pe
dPe (282)

GPT-4
89.3 78.9 56.8 80.7

W (Pe) = log (Pe) (283)

d

dPe
W (Pe) =

d

dPe
log (Pe) (284)

d

dPe
W (Pe) =

1

Pe
(285)

∫
d

dPe
log (Pe)dPe =

∫
1

Pe
dPe (286)

ChatGPT
89.3 78.9 56.8 80.7

W (Pe) = log (Pe) (287)

d

dPe
W (Pe) =

d

dPe
log (Pe) (288)

d

dPe
W (Pe) =

1

Pe
(289)

∫
d

dPe
log (Pe)dPe =

∫
1

Pe
dPe (290)



C.2.2 Derivation 14
Correct

ϕ(x′) =

∫
log (x′)dx′ (291)

d

dx′
ϕ(x′) =

d

dx′

∫
log (x′)dx′ (292)

d

dx′
ϕ(x′) =

∂

∂x′
(n2 + x′ log (x′)− x′) (293)

t1 (x
′, n2) =

∂

∂x′
(n2 + x′ log (x′)− x′) (294)

t1 (x
′, n2) =

d

dx′
ϕ(x′) (295)

t1 (x
′, n2)e

− d
dx′ ϕ(x

′) = e−
d

dx′ ϕ(x
′) d

dx′
ϕ(x′)

(296)

FLAN-T5
93.0 85.7 71.8 86.5

ϕ(x′) =

∫
log (x′)dx′ (297)

d

dx′
ϕ(x′) =

d

dx′

∫
log (x′)dx′ (298)

d

dx′
ϕ(x′) =

∂

∂x′
(n2 + x′ log (x′)− x′) (299)

t1 (x
′, n2) =

∂

∂x′
(n2 + x′ log (x′)− x′) (300)

t1 (x
′, n2)e

− d
dx′ ϕ(x

′) = e−
d

dx′ ϕ(x
′) d

dx′
ϕ(x′)

(301)

GPT-4
90.0 82.1 60.9 82.1

ϕ(x′) =

∫
log (x′)dx′ (302)

d

dx′
ϕ(x′) =

d

dx′

∫
log (x′)dx′ (303)

d

dx′
ϕ(x′) = log (x′) (304)

t1 (x
′, n2) =

∂

∂x′
(n2 + x′ log (x′)− x′) (305)

d

dx′
ϕ(x′) =

∂

∂x′
(n2 + x′ log (x′)− x′) (306)

t1 (x
′, n2)e

− d
dx′ ϕ(x

′) = e− log (x′) d

dx′
ϕ(x′) (307)

t1 (x
′, n2)e

− d
dx′ ϕ(x

′) = e−
d

dx′ ϕ(x
′) d

dx′
ϕ(x′)

(308)

ChatGPT
74.6 61.6 69.4 61.6

ϕ(x′) =

∫
log (x′)dx′ (309)

d

dx′
ϕ(x′) =

∂

∂x′
log (x′) (310)

d

dx′
ϕ(x′) =

1

x′
(311)

t1 (x
′, n2) =

∂

∂x′
(n2 + x′ log (x′)− x′) (312)

t1 (x
′, n2) = log (x′) + 1− 1

x′
(313)

d

dx′
ϕ(x′) =

1

x′
(314)

t1 (x
′, n2)e

− d
dx′ ϕ(x

′) = e−
d

dx′ ϕ(x
′)(log (x′)+1− 1

x′
)

(315)

e−
d

dx′ ϕ(x
′) d

dx′
ϕ(x′) =

1

x′
e−

d
dx′ ϕ(x

′) (316)

t1 (x
′, n2)e

− d
dx′ ϕ(x

′) = e−
d

dx′ ϕ(x
′) d

dx′
ϕ(x′)

(317)



C.2.3 Derivation 15
Correct

C(ϕ2) = log (ϕ2) (318)

2C(ϕ2) = C(ϕ2) + log (ϕ2) (319)

d

dϕ2
2C(ϕ2) =

d

dϕ2
(C(ϕ2) + log (ϕ2)) (320)

2
d

dϕ2
C(ϕ2) =

d

dϕ2
C(ϕ2) +

1

ϕ2
(321)

2
d

dϕ2
log (ϕ2) =

d

dϕ2
log (ϕ2) +

1

ϕ2
(322)

4(
d

dϕ2
log (ϕ2))

2 = (
d

dϕ2
log (ϕ2)+

1

ϕ2
)2 (323)

FLAN-T5
99.5 99.7 79.4 99.7

(ϕ2) = log (ϕ2) (324)

2C(ϕ2) = C(ϕ2) + log (ϕ2) (325)

d

dϕ2
2C(ϕ2) =

d

dϕ2
(C(ϕ2) + log (ϕ2)) (326)

2
d

dϕ2
C(ϕ2) =

d

dϕ2
C(ϕ2) +

1

ϕ2
(327)

2
d

dϕ2
log (ϕ2) =

d

dϕ2
log (ϕ2) +

1

ϕ2
(328)

4(
d

dϕ2
log (ϕ2))

2 = (
d

dϕ2
log (ϕ2)+

1

ϕ2
)2 (329)

GPT-4
85.6 79.0 68.3 79.6

C(ϕ2) = log (ϕ2) (330)

d

dϕ2
C(ϕ2) =

1

ϕ2
(331)

2
d

dϕ2
C(ϕ2) = 2

1

ϕ2
(332)

2
d

dϕ2
C(ϕ2) =

d

dϕ2
C(ϕ2) +

1

ϕ2
(333)

4(
d

dϕ2
log (ϕ2))

2 = 4(
1

ϕ2
)2 (334)

4(
d

dϕ2
log (ϕ2))

2 = (
d

dϕ2
log (ϕ2)+

1

ϕ2
)2 (335)

ChatGPT
74.7 58.6 69.1 58.7

C(ϕ2) = log (ϕ2) (336)

d

dϕ2
C(ϕ2) =

1

ϕ2
(337)

2
d

dϕ2
C(ϕ2) = 2

1

ϕ2
(338)

d

dϕ2
C(ϕ2) +

1

ϕ2
=

1

ϕ2
+

1

ϕ2
(339)

2
d

dϕ2
C(ϕ2) =

d

dϕ2
C(ϕ2) +

1

ϕ2
(340)

d

dϕ2
log (ϕ2) =

1

ϕ2
(341)

(
d

dϕ2
log (ϕ2))

2 = (
1

ϕ2
)2 (342)

4(
d

dϕ2
log (ϕ2))

2 = 4(
1

ϕ2
)2 (343)

(
d

dϕ2
log (ϕ2) +

1

ϕ2
)2 = (

1

ϕ2
+

1

ϕ2
)2 (344)

4(
d

dϕ2
log (ϕ2))

2 = (
d

dϕ2
log (ϕ2)+

1

ϕ2
)2 (345)



C.2.4 Derivation 16
Correct

vt (t, X̂) = X̂t (346)

∂

∂t
vt (t, X̂) =

∂

∂t
X̂t (347)

X̂ +
∂

∂t
vt (t, X̂) = X̂ +

∂

∂t
X̂t (348)

X̂ +
∂

∂t
vt (t, X̂) = X̂ + X̂t log (X̂) (349)

X̂+
∂

∂t
vt (t, X̂) = X̂+vt (t, X̂) log (X̂) (350)

X̂ +
∂

∂t
X̂t = X̂ + X̂t log (X̂) (351)

FLAN-T5
87.9 74.9 80.2 77.5

vt (t, X̂) = X̂t (352)

∂

∂t
vt (t, X̂) =

∂

∂t
X̂t (353)

X̂ +
∂

∂t
vt (t, X̂) = X̂ +

∂

∂t
X̂t (354)

X̂ +
∂

∂t
vt (t, X̂) = X̂ + X̂t log (X̂) (355)

X̂ +
∂

∂t
X̂t = X̂ + X̂t log (X̂) (356)

GPT-4
80.0 65.4 76.6 69.7

vt (t, X̂) = X̂t (357)

∂

∂t
vt (t, X̂) =

∂

∂t
X̂t (358)

∂

∂t
X̂t = X̂t log (X̂) (359)

X̂ +
∂

∂t
vt (t, X̂) = X̂ + X̂t log (X̂) (360)

X̂ +
∂

∂t
X̂t = X̂ + X̂t log (X̂) (361)

ChatGPT
88.0 82.5 76.6 83.3

vt (t, X̂) = X̂t (362)

∂

∂t
vt (t, X̂) =

∂

∂t
X̂t (363)

X̂ +
∂

∂t
vt (t, X̂) = X̂ +

∂

∂t
X̂t (364)

∂

∂t
X̂t = X̂t log (X̂) (365)

X̂ +
∂

∂t
X̂t = X̂ + X̂t log (X̂) (366)

X̂ +
∂

∂t
X̂t = X̂ + X̂t log (X̂) (367)



C.2.5 Derivation 17
Correct

y(Ax) =
1

Ax
(368)

∫
y(Ax)dAx =

∫
1

Ax
dAx (369)

∫
y(Ax)dAx = ε0 + log (Ax) (370)

∫
1

Ax
dAx = ε0 + log (Ax) (371)

∫
1

Ax
dAx −

x

Ax
= ε0 + log (Ax)−

x

Ax
(372)

∂

∂x
(

∫
1

Ax
dAx−

x

Ax
) =

∂

∂x
(ε0+log (Ax)−

x

Ax
)

(373)

FLAN-T5
100.0 100.0 85.9 100.0

y(Ax) =
1

Ax
(374)

∫
y(Ax)dAx =

∫
1

Ax
dAx (375)

∫
y(Ax)dAx = ε0 + log (Ax) (376)

∫
1

Ax
dAx = ε0 + log (Ax) (377)

∫
1

Ax
dAx −

x

Ax
= ε0 + log (Ax)−

x

Ax
(378)

∂

∂x
(

∫
1

Ax
dAx−

x

Ax
) =

∂

∂x
(ε0+log (Ax)−

x

Ax
)

(379)

GPT-4
78.2 58.2 39.7 64.7

y(Ax) =
1

Ax
(380)

∫
y(Ax)dAx =

∫
1

Ax
dAx (381)

∫
y(Ax)dAx = ε0 + log (Ax) (382)

∂

∂x
(

∫
1

Ax
dAx−

x

Ax
) =

∂

∂x
(ε0+log (Ax)−

x

Ax
)

(383)

ChatGPT
73.1 55.5 37.2 61.7

y(Ax) =
1

Ax
(384)

∫
y(Ax)dAx =

∫
1

Ax
dAx (385)

∫
y(Ax)dAx = log (Ax) + ε0 (386)

∂

∂x
(

∫
1

Ax
dAx−

x

Ax
) =

∂

∂x
(log (Ax)+ε0−

x

Ax
)

(387)



C.2.6 Derivation 18
Correct

u(λ) = sin (λ) (388)

∫
u(λ)dλ =

∫
sin (λ)dλ (389)

∫
u(λ)dλ = n− cos (λ) (390)

∫
sin (λ)dλ = n− cos (λ) (391)

−
∫
sin (λ)dλ

cos (λ)
= −n− cos (λ)

cos (λ)
(392)

FLAN-T5
86.0 79.2 83.3 79.2

u(λ) = sin (λ) (393)

∫
u(λ)dλ =

∫
sin (λ)dλ (394)

∫
u(λ)dλ = n− cos (λ) (395)

−
∫
u(λ)dλ

cos (λ)
= −n− cos (λ)

cos (λ)
(396)

−
∫
sin (λ)dλ

cos (λ)
= −n− cos (λ)

cos (λ)
(397)

GPT-4
89.4 81.5 77.0 82.8

u(λ) = sin (λ) (398)

∫
u(λ)dλ =

∫
sin (λ)dλ (399)

∫
u(λ)dλ = n− cos (λ) (400)

−
∫
sin (λ)dλ

cos (λ)
= −n− cos (λ)

cos (λ)
(401)

ChatGPT
84.0 75.5 78.5 75.6

u(λ) = sin (λ) (402)

∫
u(λ)dλ =

∫
sin (λ)dλ (403)

∫
sin (λ)dλ = − cos (λ) + n (404)

−
∫
sin (λ)dλ

cos (λ)
= −− cos (λ) + n

cos (λ)
(405)

−
∫
sin (λ)dλ

cos (λ)
= −n− cos (λ)

cos (λ)
(406)



C.2.7 Derivation 19
Correct

J(ϕ1) = sin (ϕ1) (407)

d

dϕ1
J(ϕ1) =

d

dϕ1
sin (ϕ1) (408)

sin (ϕ1)
d

dϕ1
J(ϕ1) = sin (ϕ1)

d

dϕ1
sin (ϕ1)

(409)

sin (ϕ1)
d

dϕ1
J(ϕ1) = sin (ϕ1) cos (ϕ1) (410)

sin (ϕ1)
d

dϕ1
sin (ϕ1) = sin (ϕ1) cos (ϕ1) (411)

J(ϕ1)
d

dϕ1
J(ϕ1) = J(ϕ1) cos (ϕ1) (412)

FLAN-T5
89.4 79.0 73.5 80.8

(ϕ1) = sin (ϕ1) (413)

d

dϕ1
J(ϕ1) =

d

dϕ1
sin (ϕ1) (414)

sin (ϕ1)
d

dϕ1
J(ϕ1) = sin (ϕ1)

d

dϕ1
sin (ϕ1)

(415)

sin (ϕ1)
d

dϕ1
J(ϕ1) = sin (ϕ1) cos (ϕ1) (416)

J(ϕ1)
d

dϕ1
J(ϕ1) = J(ϕ1) cos (ϕ1) (417)

GPT-4
69.7 43.2 48.7 54.0

J(ϕ1) = sin (ϕ1) (418)

d

dϕ1
J(ϕ1) = cos (ϕ1) (419)

sin (ϕ1)
d

dϕ1
J(ϕ1) = sin (ϕ1) cos (ϕ1) (420)

J(ϕ1)
d

dϕ1
J(ϕ1) = J(ϕ1) cos (ϕ1) (421)

ChatGPT
78.8 66.9 76.2 70.7

J(ϕ1) = sin (ϕ1) (422)

d

dϕ1
J(ϕ1) = cos (ϕ1) (423)

sin (ϕ1)
d

dϕ1
J(ϕ1) = sin (ϕ1) cos (ϕ1) (424)

J(ϕ1)
d

dϕ1
J(ϕ1) = sin (ϕ1) cos (ϕ1) (425)

J(ϕ1)
d

dϕ1
J(ϕ1) = J(ϕ1) cos (ϕ1) (426)



C.2.8 Derivation 20
Correct

f ′ (Jf ) =
d

dJf
sin (Jf ) (427)

f ′ (Jf ) = cos (Jf ) (428)

f ′ (Jf ) sin (Jf ) = sin (Jf )
d

dJf
sin (Jf ) (429)

cos (Jf ) =
d

dJf
sin (Jf ) (430)

f ′ (Jf ) sin (Jf ) = sin (Jf ) cos (Jf ) (431)

FLAN-T5
80.0 65.8 59.8 70.2

f ′ (Jf ) =
d

dJf
sin (Jf ) (432)

f ′ (Jf ) = cos (Jf ) (433)

d

dJf
sin (Jf ) = cos (Jf ) (434)

f ′ (Jf ) sin (Jf ) = sin (Jf ) cos (Jf ) (435)

GPT-4
82.8 66.8 65.3 71.1

f ′ (Jf ) =
d

dJf
sin (Jf ) (436)

f ′ (Jf ) = cos (Jf ) (437)

cos (Jf ) =
d

dJf
sin (Jf ) (438)

f ′ (Jf ) sin (Jf ) = sin (Jf ) cos (Jf ) (439)

ChatGPT
66.2 44.0 46.8 54.4

f ′ (Jf ) =
d

dJf
sin (Jf ) (440)

f ′ (Jf ) = cos (Jf ) (441)

sin (Jf ) cos (Jf ) = f ′ (Jf ) sin (Jf ) (442)



C.2.9 Derivation 21
Correct

I(Ψλ) = eΨλ (443)

∫
I(Ψλ)dΨλ =

∫
eΨλdΨλ (444)

Ψλ +

∫
I(Ψλ)dΨλ = Ψλ +

∫
eΨλdΨλ (445)

Ψλ +

∫
I(Ψλ)dΨλ = Ψλ + χ+ eΨλ (446)

Ψλ +

∫
I(Ψλ)dΨλ = Ψλ + χ+ I(Ψλ) (447)

FLAN-T5
100.0 99.6 76.8 99.6

I(Ψλ) = eΨλ (448)

∫
I(Ψλ)dΨλ =

∫
eΨλdΨλ (449)

Ψλ +

∫
I(Ψλ)dΨλ = Ψλ +

∫
eΨλdΨλ (450)

Ψλ +

∫
I(Ψλ)dΨλ = Ψλ + χ+ eΨλ (451)

Ψλ +

∫
I(Ψλ)dΨλ = Ψλ + χ+ I(Ψλ) (452)

GPT-4
84.9 84.2 68.4 84.8

I(Ψλ) = eΨλ (453)

∫
I(Ψλ)dΨλ =

∫
eΨλdΨλ (454)

∫
eΨλdΨλ = eΨλ + χ (455)

Ψλ +

∫
I(Ψλ)dΨλ = Ψλ + eΨλ + χ (456)

Ψλ +

∫
I(Ψλ)dΨλ = Ψλ + χ+ I(Ψλ) (457)

ChatGPT
79.8 73.6 66.7 73.6

I(Ψλ) = eΨλ (458)

d

dΨλ
I(Ψλ) =

d

dΨλ
eΨλ (459)

d

dΨλ
I(Ψλ) = eΨλ (460)

∫
I(Ψλ)dΨλ =

∫
eΨλdΨλ (461)

∫
I(Ψλ)dΨλ = eΨλ + χ (462)

Ψλ +

∫
I(Ψλ)dΨλ = Ψλ + χ+ eΨλ (463)

Ψλ +

∫
I(Ψλ)dΨλ = Ψλ + χ+ I(Ψλ) (464)



C.2.10 Derivation 22
Correct

y′ (s) = log (s) (465)

∫
y′ (s)ds =

∫
log (s)ds (466)

∫
y′ (s)ds = s log (s)− s+ ω (467)

a(s) = y′ (s)−
∫

y′ (s)ds (468)

a(s) = −s log (s) + s− ω + y′ (s) (469)

FLAN-T5
84.6 72.3 75.7 72.3

y′ (s) = log (s) (470)

∫
y′ (s)ds =

∫
log (s)ds (471)

∫
y′ (s)ds = s log (s)− s+ ω (472)

y′ (s)−
∫

y′ (s)ds = −s log (s) + s− ω + y′ (s)

(473)

a(s) = y′ (s)−
∫

y′ (s)ds (474)

a(s) = −s log (s) + s− ω + y′ (s) (475)

GPT-4
100.0 100.0 88.8 100.0

y′ (s) = log (s) (476)

∫
y′ (s)ds =

∫
log (s)ds (477)

∫
y′ (s)ds = s log (s)− s+ ω (478)

a(s) = y′ (s)−
∫

y′ (s)ds (479)

a(s) = −s log (s) + s− ω + y′ (s) (480)

ChatGPT
82.0 74.3 59.6 74.3

y′ (s) = log (s) (481)

d

ds
y′ (s) =

d

ds
log (s) (482)

∫
d

ds
y′ (s)ds =

∫
d

ds
log (s)ds (483)

a(s) = y′ (s)−
∫

y′ (s)ds (484)

∫
y′ (s)ds = s log (s)− s+ ω (485)

a(s) = −s log (s) + s− ω + y′ (s) (486)



C.2.11 Derivation 23
Correct

Az (FN ) = sin (FN ) (487)

∫
Az (FN )dFN =

∫
sin (FN )dFN (488)

v(FN ) = (

∫
Az (FN )dFN )2 (489)

v(FN ) = (

∫
sin (FN )dFN )2 (490)

v(FN ) = (Q− cos (FN ))2 (491)

(

∫
Az (FN )dFN )2 = (

∫
sin (FN )dFN )2 (492)

(

∫
Az (FN )dFN )2 = (Q− cos (FN ))2 (493)

(

∫
sin (FN )dFN )2 = (Q− cos (FN ))2 (494)

FLAN-T5
81.6 63.4 80.2 68.5

Az (FN ) = sin (FN ) (495)

∫
Az (FN )dFN =

∫
sin (FN )dFN (496)

v(FN ) = (

∫
Az (FN )dFN )2 (497)

v(FN ) = (

∫
sin (FN )dFN )2 (498)

v(FN ) = (Q− cos (FN ))2 (499)

(

∫
sin (FN )dFN )2 = (Q− cos (FN ))2 (500)

GPT-4
77.6 58.5 71.0 64.7

Az (FN ) = sin (FN ) (501)

v(FN ) = (

∫
Az (FN )dFN )2 (502)

v(FN ) = (

∫
sin (FN )dFN )2 (503)

∫
sin (FN )dFN = Q− cos (FN ) (504)

v(FN ) = (Q− cos (FN ))2 (505)

(

∫
sin (FN )dFN )2 = (Q− cos (FN ))2 (506)

ChatGPT
69.8 60.2 62.9 64.8

Az (FN ) = sin (FN ) (507)

v(FN ) = (

∫
Az (FN )dFN )2 (508)

v(FN ) = (

∫
sin (FN )dFN )2 (509)

v(FN ) = (
− cos (FN ) +Q√

2
)2 (510)

v(FN ) = (Q− cos (FN ))2 (511)

(

∫
sin (FN )dFN )2 = (Q− cos (FN ))2 (512)



C.2.12 Derivation 24
Correct

f ′ (ε0) = sin (ε0) (513)

0 = − f ′ (ε0) + sin (ε0) (514)

d

dε0
0 =

d

dε0
(− f ′ (ε0) + sin (ε0)) (515)

0 = cos (ε0)−
d

dε0
f ′ (ε0) (516)

∫
0dε0 =

∫
(cos (ε0)−

d

dε0
f ′ (ε0))dε0 (517)

FLAN-T5
100.0 99.6 85.3 99.6

f ′ (ε0) = sin (ε0) (518)

0 = − f ′ (ε0) + sin (ε0) (519)

d

dε0
0 =

d

dε0
(− f ′ (ε0) + sin (ε0)) (520)

0 = cos (ε0)−
d

dε0
f ′ (ε0) (521)

∫
0dε0 =

∫
(cos (ε0)−

d

dε0
f ′ (ε0))dε0 (522)

GPT-4
85.1 72.9 60.0 75.3

f ′ (ε0) = sin (ε0) (523)

d

dε0
f ′ (ε0) = cos (ε0) (524)

0 = cos (ε0)−
d

dε0
f ′ (ε0) (525)

∫
0dε0 =

∫
(cos (ε0)−

d

dε0
f ′ (ε0))dε0 (526)

ChatGPT
92.8 90.0 80.5 90.1

f ′ (ε0) = sin (ε0) (527)

d

dε0
f ′ (ε0) =

d

dε0
sin (ε0) (528)

d

dε0
f ′ (ε0) = cos (ε0) (529)

0 = cos (ε0)−
d

dε0
f ′ (ε0) (530)

∫
0dε0 =

∫
(cos (ε0)−

d

dε0
f ′ (ε0))dε0 (531)



C.2.13 Derivation 25
Correct

y(W, q,B) = W +
q

B
(532)

0 = W − y(W, q,B) +
q

B
(533)

d

dq
0 =

∂

∂q
(W − y(W, q,B) +

q

B
) (534)

0 = − ∂

∂q
y(W, q,B) +

1

B
(535)

0 = − ∂

∂q
(W +

q

B
) +

1

B
(536)

FLAN-T5
93.4 95.2 73.3 95.3

y(W, q,B) = W +
q

B
(537)

0 = W +
q

B
− y(W, q,B) (538)

d

dq
0 =

∂

∂q
(W +

q

B
− y(W, q,B)) (539)

0 = − ∂

∂q
y(W, q,B) +

1

B
(540)

0 = − ∂

∂q
(W +

q

B
) +

1

B
(541)

GPT-4
81.3 83.1 59.6 83.3

y(W, q,B) = W +
q

B
(542)

∂

∂q
y(W, q,B) =

∂

∂q
(W +

q

B
) (543)

∂

∂q
y(W, q,B) =

1

B
(544)

0 = − ∂

∂q
y(W, q,B) +

1

B
(545)

0 = − ∂

∂q
(W +

q

B
) +

1

B
(546)

ChatGPT
79.7 81.4 58.0 81.7

y(W, q,B) = W +
q

B
(547)

∂

∂q
y(W, q,B) =

1

B
(548)

0 = − ∂

∂q
y(W, q,B) +

1

B
(549)

− ∂

∂q
(W +

q

B
) = − 1

B
(550)

0 = − ∂

∂q
(W +

q

B
) +

1

B
(551)



D Perturbation Analysis

The first four displayed numbers are ROUGE,
BLEU, BLEURT, and GLEU differences from the
static performance (positive is a decrease, negative
is a score increase). The next four are the corre-
sponding rations from Table 8.

D.1 Variable Renaming (VR)
D.1.1 Derivation 13 VR
Correct

α(ζ) = log (ζ) (552)

d

dζ
α(ζ) =

d

dζ
log (ζ) (553)

d

dζ
α(ζ) =

1

ζ
(554)

d

dζ
log (ζ) =

1

ζ
(555)

∫
d

dζ
log (ζ)dζ =

∫
1

ζ
dζ (556)

FLAN-T5
-0.8 0.2 -3.5 0.2
1.01 1.00 0.88 1.01

α(ζ) = log (ζ) (557)

d

dζ
α(ζ) =

d

dζ
log (ζ) (558)

d

dζ
α(ζ) =

1

ζ
(559)

d

dζ
log (ζ) =

1

ζ
(560)

∫
d

dζ
log (ζ)dζ =

∫
1

ζ
dζ (561)

GPT-4
-0.1 -0.1 -5.1 -0.1
0.98 0.97 1.28 0.97

α(ζ) = log (ζ) (562)

d

dζ
α(ζ) =

d

dζ
log (ζ) (563)

d

dζ
log (ζ) =

1

ζ
(564)

∫
d

dζ
log (ζ)dζ =

∫
1

ζ
dζ (565)

ChatGPT
-0.1 -0.1 -6.6 -0.1
0.98 0.97 1.28 0.97

α(ζ) = log (ζ) (566)

d

dζ
α(ζ) =

d

dζ
log (ζ) (567)

d

dζ
α(ζ) =

1

ζ
(568)

∫
d

dζ
log (ζ)dζ =

∫
1

ζ
dζ (569)



D.1.2 Derivation 14 VR
Correct

ξ(α) =

∫
log (α)dα (570)

d

dα
ξ(α) =

d

dα

∫
log (α)dα (571)

d

dα
ξ(α) =

∂

∂α
(α log (α)− α+ ν) (572)

τ(α, ν) =
∂

∂α
(α log (α)− α+ ν) (573)

τ(α, ν) =
d

dα
ξ(α) (574)

τ(α, ν)e−
d
dα

ξ(α) = e−
d
dα

ξ(α) d

dα
ξ(α) (575)

FLAN-T5
16.9 20.9 0.4 21.8
0.79 0.87 0.85 0.84

ξ(α) =

∫
log (α)dα (576)

d

dα
ξ(α) =

d

dα

∫
log (α)dα (577)

d

dα
ξ(α) =

∂

∂α
(α log (α)− α+ ν) (578)

d

dα
ξ(α) =

∂

∂α
(α log (α)− α+ ν) (579)

τ(α, ν) =
∂

∂α
(α log (α)− α+ ν) (580)

τ(α, ν) =
d

dα

∫
log (α)dα (581)

τ(α, ν)e−
d
dα

∫
log (α)dα = e−

d
dα

∫
log (α)dα d

dα

∫
log (α)dα

(582)

GPT-4
-5.8 -14.9 -16.3 -14.9
0.93 0.77 -7.62 0.85

ξ(α) =

∫
log (α)dα (583)

d

dα
ξ(α) =

d

dα

∫
log (α)dα (584)

d

dα
ξ(α) = log (α) (585)

τ(α, ν) =
∂

∂α
(α log (α)− α+ ν) (586)

d

dα
ξ(α) =

∂

∂α
(α log (α)− α+ ν) (587)

τ(α, ν)e−
d
dα

ξ(α) = e−
d
dα

ξ(α) d

dα
ξ(α) (588)

ChatGPT
-12.2 -19.6 14.4 -19.6
0.82 0.69 0.21 0.80

ξ(α) =

∫
log (α)dα (589)

d

dα
ξ(α) = log (α) (590)

τ(α, ν) =
∂

∂α
(α log (α)− α+ ν) (591)

τ(α, ν) = log (α) + 1 (592)

e−
d
dα

ξ(α) =
1

α
(593)

τ(α, ν)e−
d
dα

ξ(α) = e−
d
dα

ξ(α) ∂

∂α
(α log (α)−α+ν)

(594)

τ(α, ν)e−
d
dα

ξ(α) = e−
d
dα

ξ(α) d

dα
ξ(α) (595)



D.1.3 Derivation 15 VR
Correct

α(ι) = log (ι) (596)

2α(ι) = α(ι) + log (ι) (597)

d

dι
2α(ι) =

d

dι
(α(ι) + log (ι)) (598)

2
d

dι
α(ι) =

d

dι
α(ι) +

1

ι
(599)

2
d

dι
log (ι) =

d

dι
log (ι) +

1

ι
(600)

4(
d

dι
log (ι))2 = (

d

dι
log (ι) +

1

ι
)2 (601)

FLAN-T5
-0.5 0.1 -4.9 0.1
1.01 1.00 0.81 1.00

α(ι) = log (ι) (602)

2α(ι) = α(ι) + log (ι) (603)

d

dι
2α(ι) =

d

dι
(α(ι) + log (ι)) (604)

2
d

dι
α(ι) =

d

dι
α(ι) +

1

ι
(605)

2
d

dι
log (ι) =

d

dι
log (ι) +

1

ι
(606)

4(
d

dι
log (ι))2 = (

d

dι
log (ι) +

1

ι
)2 (607)

GPT-4
8.6 10.1 1.1 10.6
1.17 0.89 1.06 0.87

α(ι) = log (ι) (608)

d

dι
α(ι) =

1

ι
(609)

2
d

dι
α(ι) = 2

1

ι
(610)

d

dι
α(ι) +

1

ι
=

1

ι
+

1

ι
(611)

2
d

dι
α(ι) =

d

dι
α(ι) +

1

ι
(612)

4(
d

dι
log (ι))2 = 4(

1

ι
)2 (613)

(
d

dι
log (ι) +

1

ι
)2 = (2

1

ι
)2 (614)

4(
d

dι
log (ι))2 = (

d

dι
log (ι) +

1

ι
)2 (615)

ChatGPT
-2.0 -6.8 -6.2 -6.8
1.02 0.86 0.35 0.88

α(ι) = log (ι) (616)

d

dι
α(ι) =

d

dι
log (ι) (617)

2
d

dι
α(ι) = 2

d

dι
log (ι) (618)

d

dι
α(ι) +

1

ι
=

d

dι
log (ι) +

1

ι
(619)

2
d

dι
α(ι) =

d

dι
α(ι) +

1

ι
(620)

(
d

dι
log (ι))2 = (

d

dι
log (ι))2 (621)

4(
d

dι
log (ι))2 = 4(

d

dι
log (ι))2 (622)

4(
d

dι
log (ι))2 = (

d

dι
log (ι) +

1

ι
)2 (623)



D.1.4 Derivation 16 VR
Correct

υ(ξ, κ) = ξκ (624)

∂

∂κ
υ(ξ, κ) =

∂

∂κ
ξκ (625)

ξ +
∂

∂κ
υ(ξ, κ) = ξ +

∂

∂κ
ξκ (626)

ξ +
∂

∂κ
υ(ξ, κ) = ξ + ξκ log (ξ) (627)

ξ +
∂

∂κ
υ(ξ, κ) = ξ + υ(ξ, κ) log (ξ) (628)

ξ +
∂

∂κ
ξκ = ξ + ξκ log (ξ) (629)

FLAN-T5
3.6 0.9 17.1 2.1
1.07 1.00 1.71 0.99

ξ +
∂

∂κ
υ(ξ, κ) = ξ +

∂

∂κ
ξκ (630)

∂

∂κ
(xi+

∂

∂κ
ξκ) =

∂

∂κ
(xi+

∂

∂κ
ξκ) (631)

ξ +
∂

∂κ
υ(ξ, κ) = ξ + ξκ log (ξ) (632)

ξ +
∂

∂κ
ξκ = ξ + ξκ log (ξ) (633)

GPT-4
-5.1 -5.6 6.8 -4.2
1.09 1.04 1.50 1.02

υ(ξ, κ) = ξκ (634)

∂

∂κ
υ(ξ, κ) =

∂

∂κ
ξκ (635)

∂

∂κ
ξκ = ξκ log (ξ) (636)

ξ +
∂

∂κ
υ(ξ, κ) = ξ +

∂

∂κ
ξκ (637)

ξ +
∂

∂κ
ξκ = ξ + ξκ log (ξ) (638)

ChatGPT
4.7 13.3 2.9 10.9
0.97 0.83 1.89 0.90

υ(ξ, κ) = ξκ (639)

∂

∂κ
υ(ξ, κ) =

∂

∂κ
ξκ (640)

∂

∂κ
ξκ = ξκ log (ξ) (641)

ξ +
∂

∂κ
υ(ξ, κ) = ξ + ξκ log (ξ) (642)

ξ +
∂

∂κ
ξκ = ξ + ξκ log (ξ) (643)



D.1.5 Derivation 17 VR
Correct

γ(ζ) =
1

ζ
(644)

∫
γ(ζ)dζ =

∫
1

ζ
dζ (645)

∫
γ(ζ)dζ = υ + log (ζ) (646)

∫
1

ζ
dζ = υ + log (ζ) (647)

−β

ζ
+

∫
1

ζ
dζ = −β

ζ
+ υ + log (ζ) (648)

∂

∂β
(−β

ζ
+

∫
1

ζ
dζ) =

∂

∂β
(−β

ζ
+ υ + log (ζ))

(649)

FLAN-T5
0.0 0.4 8.8 0.4
1.00 1.00 0.60 1.00

γ(ζ) =
1

ζ
(650)

∫
γ(ζ)dζ =

∫
1

ζ
dζ (651)

∫
γ(ζ)dζ = υ + log (ζ) (652)

∫
1

ζ
dζ = υ + log (ζ) (653)

−β

ζ
+

∫
1

ζ
dζ = −β

ζ
+ υ + log (ζ) (654)

∂

∂β
(−β

ζ
+

∫
1

ζ
dζ) =

∂

∂β
(−β

ζ
+ υ + log (ζ))

(655)

GPT-4
-0.8 -1.6 -4.6 -1.1
1.09 1.04 1.69 1.04

γ(ζ) =
1

ζ
(656)

∫
γ(ζ)dζ =

∫
1

ζ
dζ (657)

∫
γ(ζ)dζ = υ + log (ζ) (658)

∂

∂β
(−β

ζ
+

∫
1

ζ
dζ) =

∂

∂β
(−β

ζ
+ υ + log (ζ))

(659)

ChatGPT
-12.0 -28.0 -30.2 -22.3
0.94 0.98 0.05 0.98

γ(ζ) =
1

ζ
(660)

∫
γ(ζ)dζ = log (ζ) + υ (661)

∫
γ(ζ)dζ =

∫
1

ζ
dζ + υ (662)

−β

ζ
+

∫
1

ζ
dζ = −β

ζ
+ log (ζ) + υ (663)

∂

∂β
(−β

ζ
+

∫
1

ζ
dζ) =

∂

∂β
(−β

ζ
+ log (ζ) + υ)

(664)



D.1.6 Derivation 18 VR
Correct

τ(κ) = sin (κ) (665)

∫
τ(κ)dκ =

∫
sin (κ)dκ (666)

∫
τ(κ)dκ = ζ − cos (κ) (667)

∫
sin (κ)dκ = ζ − cos (κ) (668)

−
∫
sin (κ)dκ

cos (κ)
= −ζ − cos (κ)

cos (κ)
(669)

FLAN-T5
7.7 15.5 -4.6 15.6
0.78 0.76 1.25 0.77

τ(κ) = sin (κ) (670)

∫
τ(κ)dκ =

∫
sin (κ)dκ (671)

∫
τ(κ)dκ = ζ − cos (κ) (672)

∫
τ(κ)dκ

cos (κ)
=

ζ − cos (κ)

cos (κ)
(673)

∫
sin (κ)dκ

cos (κ)
=

ζ − cos (κ)

cos (κ)
(674)

−
∫
sin (κ)dκ

cos (κ)
= −ζ − cos (κ)

cos (κ)
(675)

GPT-4
-10.6 -18.5 -8.5 -17.2
0.83 0.83 1.21 0.83

τ(κ) = sin (κ) (676)

∫
τ(κ)dκ =

∫
sin (κ)dκ (677)

∫
τ(κ)dκ = ζ − cos (κ) (678)

∫
sin (κ)dκ = ζ − cos (κ) (679)

−
∫
sin (κ)dκ

cos (κ)
= −ζ − cos (κ)

cos (κ)
(680)

ChatGPT
0.0 -0.5 -3.4 -0.5
1.22 1.10 1.16 1.09

τ(κ) = sin (κ) (681)

∫
τ(κ)dκ =

∫
sin (κ)dκ (682)

∫
sin (κ)dκ = − cos (κ) + ζ (683)

−
∫
sin (κ)dκ

cos (κ)
= −− cos (κ) + ζ

cos (κ)
(684)

−
∫
sin (κ)dκ

cos (κ)
= −ζ − cos (κ)

cos (κ)
(685)



D.1.7 Derivation 19 VR
Correct

γ(ξ) = sin (ξ) (686)

d

dξ
γ(ξ) =

d

dξ
sin (ξ) (687)

sin (ξ)
d

dξ
γ(ξ) = sin (ξ)

d

dξ
sin (ξ) (688)

sin (ξ)
d

dξ
γ(ξ) = sin (ξ) cos (ξ) (689)

sin (ξ)
d

dξ
sin (ξ) = sin (ξ) cos (ξ) (690)

γ(ξ)
d

dξ
γ(ξ) = γ(ξ) cos (ξ) (691)

FLAN-T5
-0.7 -0.5 -5.1 -0.4
1.03 0.98 0.69 0.98

γ(ξ) = sin (ξ) (692)

d

dξ
γ(ξ) =

d

dξ
sin (ξ) (693)

sin (ξ)
d

dξ
γ(ξ) = sin (ξ)

d

dξ
sin (ξ) (694)

sin (ξ)
d

dξ
γ(ξ) = sin (ξ) cos (ξ) (695)

γ(ξ)
d

dξ
γ(ξ) = γ(ξ) cos (ξ) (696)

GPT-4
-11.6 -22.6 -25.2 -16.1
0.73 0.86 0.64 0.85

γ(ξ) = sin (ξ) (697)

d

dξ
γ(ξ) =

d

dξ
sin (ξ) (698)

d

dξ
sin (ξ) = cos (ξ) (699)

sin (ξ)
d

dξ
γ(ξ) = sin (ξ) cos (ξ) (700)

γ(ξ)
d

dξ
γ(ξ) = γ(ξ) cos (ξ) (701)

ChatGPT
2.4 -0.8 6.9 -0.5
0.78 0.92 0.48 0.93

γ(ξ) = sin (ξ) (702)

d

dξ
γ(ξ) = cos (ξ) (703)

sin (ξ)
d

dξ
γ(ξ) = sin (ξ) cos (ξ) (704)

γ(ξ)
d

dξ
γ(ξ) = sin (ξ) cos (ξ) (705)

γ(ξ)
d

dξ
γ(ξ) = γ(ξ) cos (ξ) (706)



D.1.8 Derivation 20 VR
Correct

υ(ξ) =
d

dξ
sin (ξ) (707)

υ(ξ) = cos (ξ) (708)

υ(ξ) sin (ξ) = sin (ξ)
d

dξ
sin (ξ) (709)

cos (ξ) =
d

dξ
sin (ξ) (710)

υ(ξ) sin (ξ) = sin (ξ) cos (ξ) (711)

FLAN-T5
3.8 -4.7 -10.2 -0.4
0.75 1.19 0.41 1.01

ξ + υ(ξ) = ξ +
d

dξ
sin (ξ) (712)

d

dξ
(ξ + υ(ξ)) =

d

dξ
(ξ +

d

dξ
sin (ξ)) (713)

υ(ξ) = cos (ξ) (714)

cos (ξ) =
d

dξ
sin (ξ) (715)

d

dξ
sin (ξ) = sin (ξ) cos (ξ) (716)

υ(ξ) sin (ξ) = sin (ξ) cos (ξ) (717)

GPT-4
17.1 26.6 18.4 19.3
0.45 0.50 1.02 0.70

υ(ξ) =
d

dξ
sin (ξ) (718)

υ(ξ) = cos (ξ) (719)

υ(ξ) sin (ξ) = sin (ξ) cos (ξ) (720)

ChatGPT
-17.0 -34.7 -32.0 -25.9
0.69 1.13 0.64 0.97

υ(ξ) =
d

dξ
sin (ξ) (721)

υ(ξ) = cos (ξ) (722)

sin (ξ) cos (ξ) =
d

dξ
sin (ξ) sin (ξ) (723)

υ(ξ) sin (ξ) = sin (ξ) cos (ξ) (724)



D.1.9 Derivation 21 VR
Correct

ν(τ) = eτ (725)∫
ν(τ)dτ =

∫
eτdτ (726)

τ +

∫
ν(τ)dτ = τ +

∫
eτdτ (727)

τ +

∫
ν(τ)dτ = γ + τ + eτ (728)

τ +

∫
ν(τ)dτ = γ + τ + ν(τ) (729)

FLAN-T5
27.1 36.7 3.4 36.7
0.80 1.34 0.64 1.14

ν(τ) = eτ (730)∫
ν(τ)dτ =

∫
eτdτ (731)

d

dτ

∫
ν(τ)dτ =

d

dτ

∫
eτdτ (732)

∫
d

dτ

∫
ν(τ)dτdτ =

∫
d

dτ

∫
eτdτdτ (733)

τ +

∫
ν(τ)dτ = γ + τ + eτ (734)

τ +

∫
ν(τ)dτ = γ + τ + ν(τ) (735)

GPT-4
-0.2 -2.6 -11.3 -2.3
1.11 1.03 0.77 1.01

ν(τ) = eτ (736)∫
ν(τ)dτ =

∫
eτdτ (737)∫

ν(τ)dτ = eτ + γ (738)

τ +

∫
ν(τ)dτ = τ + eτ + γ (739)

τ +

∫
ν(τ)dτ = γ + τ + ν(τ) (740)

ChatGPT
0.6 -11.0 0.9 -11.2
1.14 0.53 1.20 0.75

d

dτ
ν(τ) = eτ (741)

τ +

∫
ν(τ)dτ = γ + τ + eτ (742)

τ +

∫
ν(τ)dτ = γ + τ +

∫
d

dτ
ν(τ)dτ (743)

τ +

∫
ν(τ)dτ = γ + τ + ν(τ) (744)



D.1.10 Derivation 22 VR
Correct

ν(ξ) = log (ξ) (745)

∫
ν(ξ)dξ =

∫
log (ξ)dξ (746)

∫
ν(ξ)dξ = κ+ ξ log (ξ)− ξ (747)

τ(ξ) = ν(ξ)−
∫

ν(ξ)dξ (748)

τ(ξ) = −κ− ξ log (ξ) + ξ + ν(ξ) (749)

FLAN-T5
14.3 15.9 1.1 15.9
0.65 1.09 0.55 0.99

ν(ξ) = log (ξ) (750)

∫
ν(ξ)dξ =

∫
log (ξ)dξ (751)

∫
ν(ξ)dξ = κ+ ξ log (ξ)− ξ (752)

∫
log (ξ)dξ = κ+ ξ log (ξ)− ξ (753)

ξ+

∫
log (ξ)dξ = κ+ξ log (ξ)−ξ+

∫
log (ξ)dξ

(754)

µ(ξ) = ν(ξ)−
∫

ν(ξ)dξ (755)

τ(ξ) = ν(ξ)−
∫

log (ξ)dξ (756)

τ(ξ) = −κ− ξ log (ξ) + ξ + ν(ξ) (757)

GPT-4
0.0 0.0 -3.3 0.0
1.00 1.00 1.00 1.00

ν(ξ) = log (ξ) (758)

∫
ν(ξ)dξ =

∫
log (ξ)dξ (759)

∫
ν(ξ)dξ = κ+ ξ log (ξ)− ξ (760)

τ(ξ) = ν(ξ)−
∫

ν(ξ)dξ (761)

τ(ξ) = −κ− ξ log (ξ) + ξ + ν(ξ) (762)

ChatGPT
15.3 19.1 -11.7 19.0
2.21 1.35 0.45 1.19

ν(ξ) = log (ξ) (763)

d

dξ
ν(ξ) =

1

ξ
(764)

τ(ξ) = ν(ξ)−
∫

ν(ξ)dξ (765)

d

dξ
τ(ξ) =

d

dξ
ν(ξ)− d

dξ

∫
ν(ξ)dξ (766)

d

dξ
τ(ξ) =

1

ξ
− ν(ξ) (767)

∫
ν(ξ)dξ = κ+ ξ log (ξ)− ξ (768)

τ(ξ) = −κ− ξ log (ξ) + ξ + ν(ξ) (769)



D.1.11 Derivation 23 VR
Correct

ι(α) = sin (α) (770)

∫
ι(α)dα =

∫
sin (α)dα (771)

υ(α) = (

∫
ι(α)dα)2 (772)

υ(α) = (

∫
sin (α)dα)2 (773)

υ(α) = (ξ − cos (α))2 (774)

(

∫
ι(α)dα)2 = (

∫
sin (α)dα)2 (775)

(

∫
ι(α)dα)2 = (ξ − cos (α))2 (776)

(

∫
sin (α)dα)2 = (ξ − cos (α))2 (777)

FLAN-T5
-0.3 -0.3 14.5 0.2
0.82 0.94 2.55 0.94

ι(α) = sin (α) (778)

∫
ι(α)dα =

∫
sin (α)dα (779)

(

∫
ι(α)dα)2 = (

∫
sin (α)dα)2 (780)

υ(α) = (

∫
ι(α)dα)2 (781)

υ(α) = (ξ − cos (α))2 (782)

∫
sin (α)dα = (ξ − cos (α))2 (783)

GPT-4
0.6 -2.5 6.2 -1.7
0.88 1.04 1.65 1.03

ι(α) = sin (α) (784)

υ(α) = (

∫
ι(α)dα)2 (785)

υ(α) = (

∫
sin (α)dα)2 (786)

∫
sin (α)dα = ξ − cos (α) (787)

υ(α) = (ξ − cos (α))2 (788)

(

∫
sin (α)dα)2 = (ξ − cos (α))2 (789)

ChatGPT
-9.9 -23.2 -13.3 -19.0
0.67 1.11 1.53 1.05

ι(α) = sin (α) (790)

υ(α) = (

∫
ι(α)dα)2 (791)

υ(α) = (

∫
sin (α)dα)2 (792)

υ(α) = (ξ − cos (α))2 (793)

∫
ι(α)dα = − cos (α) + ξ (794)

υ(α) = (

∫
ι(α)dα)2 (795)

υ(α) = (ξ − cos (α))2 (796)

(

∫
sin (α)dα)2 = (ξ − cos (α))2 (797)



D.1.12 Derivation 24 VR
Correct

α(υ) = sin (υ) (798)

0 = −α(υ) + sin (υ) (799)

d

dυ
0 =

d

dυ
(−α(υ) + sin (υ)) (800)

0 = cos (υ)− d

dυ
α(υ) (801)

∫
0dυ =

∫
(cos (υ)− d

dυ
α(υ))dυ (802)

FLAN-T5
0.0 0.2 9.3 0.2
1.00 1.00 1.52 1.00

α(υ) = sin (υ) (803)

0 = −α(υ) + sin (υ) (804)

d

dυ
0 =

d

dυ
(−α(υ) + sin (υ)) (805)

0 = cos (υ)− d

dυ
α(υ) (806)

∫
0dυ =

∫
(cos (υ)− d

dυ
α(υ))dυ (807)

GPT-4
-0.9 -13.5 -9.8 -11.2
0.86 1.08 0.73 1.02

α(υ) = sin (υ) (808)

d

dυ
α(υ) =

d

dυ
sin (υ) (809)

d

dυ
α(υ) = cos (υ) (810)

0 = cos (υ)− d

dυ
α(υ) (811)

∫
0dυ =

∫
(cos (υ)− d

dυ
α(υ))dυ (812)

ChatGPT
10.1 19.9 25.8 17.3
0.82 0.60 4.29 0.73

α(υ) = sin (υ) (813)

d

dυ
α(υ) = cos (υ) (814)

0 = cos (υ)− d

dυ
α(υ) (815)

∫
0dυ =

∫
(cos (υ)− d

dυ
α(υ))dυ (816)



D.1.13 Derivation 25 VR
Correct

υ(κ, τ, υ) =
κ

υ
+ τ (817)

0 =
κ

υ
+ τ − υ(κ, τ, υ) (818)

d

dκ
0 =

∂

∂κ
(
κ

υ
+ τ − υ(κ, τ, υ)) (819)

0 = − ∂

∂κ
υ(κ, τ, υ) +

1

υ
(820)

0 = − ∂

∂κ
(
κ

υ
+ τ) +

1

υ
(821)

FLAN-T5
19.8 24.7 -3.6 24.5
0.92 0.82 0.57 0.81

κ

υ
+ τ (822)

0 = −κ

υ
+ τ − 1

υ
(823)

d

dκ
0 =

∂

∂κ
(−κ

υ
+ τ − 1

υ
) (824)

d

dκ
0 =

∂

∂κ
(−κ

υ
+ τ − 1

υ
) (825)

0 = − ∂

∂κ
υ(κ, τ, υ) +

1

υ
(826)

0 = − ∂

∂κ
(
κ

υ
+ τ) +

1

υ
(827)

GPT-4
3.3 -2.5 -14.1 -2.5
1.10 1.12 0.55 1.09

υ(κ, τ, υ) =
κ

υ
+ τ (828)

∂

∂κ
υ(κ, τ, υ) =

∂

∂κ
(
κ

υ
+ τ) (829)

∂

∂κ
υ(κ, τ, υ) =

1

υ
(830)

0 = − ∂

∂κ
υ(κ, τ, υ) +

1

υ
(831)

0 = − ∂

∂κ
(
κ

υ
+ τ) +

1

υ
(832)

ChatGPT
3.4 -1.5 -14.2 -1.7
1.13 1.13 0.57 1.10

υ(κ, τ, υ) =
κ

υ
+ τ (833)

∂

∂κ
υ(κ, τ, υ) =

1

υ
(834)

− ∂

∂κ
υ(κ, τ, υ) = −1

υ
(835)

0 = − ∂

∂κ
υ(κ, τ, υ) +

1

υ
(836)

0 = − ∂

∂κ
(
κ

υ
+ τ) +

1

υ
(837)



D.2 Expression Exchange (EE)
D.2.1 Derivation 13 EE
Correct

log (Pe) = W (Pe) (838)

d

dPe
log (Pe) =

d

dPe
W (Pe) (839)

1

Pe
=

d

dPe
W (Pe) (840)

1

Pe
=

d

dPe
log (Pe) (841)

∫
1

Pe
dPe =

∫
d

dPe
log (Pe)dPe (842)

FLAN-T5
-0.8 0.0 0.5 0.0
0.99 0.99 0.96 0.99

log (Pe) = W (Pe) (843)

d

dPe
log (Pe) =

d

dPe
W (Pe) (844)

1

Pe
=

d

dPe
W (Pe) (845)

1

Pe
=

d

dPe
log (Pe) (846)

∫
1

Pe
dPe =

∫
d

dPe
log (Pe)dPe (847)

GPT-4
-0.7 -11.9 -18.7 -10.1
0.85 0.76 1.15 0.76

log (Pe) = W (Pe) (848)

d

dPe
log (Pe) =

d

dPe
W (Pe) (849)

1

Pe
=

d

dPe
W (Pe) (850)

∫
1

Pe
dPe =

∫
d

dPe
W (Pe)dPe (851)

∫
1

Pe
dPe =

∫
d

dPe
log (Pe)dPe (852)

ChatGPT
-10.7 -20.4 -15.6 -18.6
0.91 0.82 1.14 0.82

log (Pe) = W (Pe) (853)

d

dPe
log (Pe) =

1

Pe
(854)

d

dPe
W (Pe) =

d

dPe
log (Pe) (855)

1

Pe
=

d

dPe
W (Pe) (856)

∫
1

Pe
dPe =

∫
d

dPe
log (Pe)dPe (857)



D.2.2 Derivation 14 EE
Correct ∫

log (x′)dx′ = ϕ(x′) (858)

d

dx′

∫
log (x′)dx′ =

d

dx′
ϕ(x′) (859)

∂

∂x′
(n2 + x′ log (x′)− x′) =

d

dx′
ϕ(x′) (860)

∂

∂x′
(n2 + x′ log (x′)− x′) = t1 (x

′, n2) (861)

d

dx′
ϕ(x′) = t1 (x

′, n2) (862)

e−
d

dx′ ϕ(x
′) d

dx′
ϕ(x′) = t1 (x

′, n2)e
− d

dx′ ϕ(x
′)

(863)

FLAN-T5
-0.2 -6.0 13.0 -5.1
0.93 0.82 0.57 0.82∫

log (x′)dx′ = ϕ(x′) (864)

d

dx′

∫
log (x′)dx′ =

d

dx′
ϕ(x′) (865)

∂

∂x′
(n2 + x′ log (x′)− x′) =

d

dx′
ϕ(x′) (866)

∂

∂x′
(n2 + x′ log (x′)− x′) =

d

dx′
ϕ(x′) (867)

∂

∂x′
(n2 + x′ log (x′)− x′) = t1 (x

′, n2) (868)

e−
d

dx′ ϕ(x
′) d

dx′
ϕ(x′) = t1 (x

′, n2)e
− d

dx′ ϕ(x
′)

(869)

GPT-4
7.2 13.9 5.3 9.9
0.76 0.52 0.64 0.60∫

log (x′)dx′ = ϕ(x′) (870)

∂

∂x′
(n2 + x′ log (x′)− x′) = t1 (x

′, n2) (871)

∂

∂x′
(n2 + x′ log (x′)− x′) =

d

dx′
ϕ(x′) (872)

e−
d

dx′ ϕ(x
′) d

dx′
ϕ(x′) = t1 (x

′, n2)e
− d

dx′ ϕ(x
′)

(873)

ChatGPT
-13.5 -23.9 1.5 -23.9
0.79 0.63 0.83 0.67∫

log (x′)dx′ = ϕ(x′) (874)

d

dx′

∫
log (x′)dx′ =

d

dx′
ϕ(x′) (875)

∂

∂x′
(n2 + x′ log (x′)− x′) = t1 (x

′, n2) (876)

∂

∂x′
(n2 + x′ log (x′)− x′) =

d

dx′
(x′ log (x′))− 1

(877)

d

dx′
(x′ log (x′)) = log (x′) + 1 (878)

d

dx′
ϕ(x′) =

1

x′
(879)

e−
d

dx′ ϕ(x
′) d

dx′
ϕ(x′) = t1 (x

′, n2)e
− d

dx′ ϕ(x
′)

(880)



D.2.3 Derivation 15 EE
Correct

log (ϕ2) = C(ϕ2) (881)

C(ϕ2) + log (ϕ2) = 2C(ϕ2) (882)

d

dϕ2
(C(ϕ2) + log (ϕ2)) =

d

dϕ2
2C(ϕ2) (883)

d

dϕ2
C(ϕ2) +

1

ϕ2
= 2

d

dϕ2
C(ϕ2) (884)

d

dϕ2
log (ϕ2) +

1

ϕ2
= 2

d

dϕ2
log (ϕ2) (885)

(
d

dϕ2
log (ϕ2)+

1

ϕ2
)2 = 4(

d

dϕ2
log (ϕ2))

2 (886)

FLAN-T5
7.2 12.6 2.0 12.5
0.96 0.88 1.00 0.89

log (ϕ2) = C(ϕ2) (887)

d

dϕ2
log (ϕ2) =

d

dϕ2
C(ϕ2) (888)

d

dϕ2
log (ϕ2) +

d

dϕ2
C(ϕ2) = 2

d

dϕ2
C(ϕ2) (889)

d

dϕ2
C(ϕ2) +

1

ϕ2
= 2

d

dϕ2
C(ϕ2) (890)

d

dϕ2
log (ϕ2) +

1

ϕ2
= 2

d

dϕ2
log (ϕ2) (891)

(
d

dϕ2
log (ϕ2)+

1

ϕ2
)2 = 4(

d

dϕ2
log (ϕ2))

2 (892)

GPT-4
-1.5 7.3 6.8 5.1
0.94 0.85 0.85 0.86

log (ϕ2) = C(ϕ2) (893)

d

dϕ2
log (ϕ2) =

d

dϕ2
C(ϕ2) (894)

1

ϕ2
=

d

dϕ2
C(ϕ2) (895)

d

dϕ2
C(ϕ2) +

1

ϕ2
= 2

d

dϕ2
C(ϕ2) (896)

(
d

dϕ2
log (ϕ2)+

1

ϕ2
)2 = 4(

d

dϕ2
log (ϕ2))

2 (897)

ChatGPT
-11.5 -21.2 9.6 -21.5
0.82 0.61 0.86 0.68

log (ϕ2) = C(ϕ2) (898)

d

dϕ2
log (ϕ2) =

1

ϕ2
(899)

d

dϕ2
C(ϕ2) +

1

ϕ2
= 2

d

dϕ2
C(ϕ2) (900)

(
d

dϕ2
log (ϕ2) +

1

ϕ2
)2 = (

1

ϕ2
+

1

ϕ2
)2 (901)

(
d

dϕ2
log (ϕ2) +

1

ϕ2
)2 = (

2

ϕ2
)2 (902)

(
d

dϕ2
log (ϕ2)+

1

ϕ2
)2 = 4(

d

dϕ2
log (ϕ2))

2 (903)



D.2.4 Derivation 16 EE
Correct

X̂t = vt (t, X̂) (904)

∂

∂t
X̂t =

∂

∂t
vt (t, X̂) (905)

X̂ +
∂

∂t
X̂t = X̂ +

∂

∂t
vt (t, X̂) (906)

X̂ + X̂t log (X̂) = X̂ +
∂

∂t
vt (t, X̂) (907)

X̂+vt (t, X̂) log (X̂) = X̂+
∂

∂t
vt (t, X̂) (908)

X̂ + X̂t log (X̂) = X̂ +
∂

∂t
X̂t (909)

FLAN-T5
-0.3 -9.6 10.5 -7.4
0.95 0.84 1.02 0.84

X̂t = vt (t, X̂) (910)

X̂t = (vt (t, X̂))t (911)

∂

∂t
X̂t =

∂

∂t
(vt (t, X̂))t (912)

X̂ +
∂

∂t
X̂t = X̂ +

∂

∂t
(vt (t, X̂))t (913)

X̂ + X̂t log (X̂) = X̂ +
∂

∂t
vt (t, X̂) (914)

X̂ + X̂t log (X̂) = X̂ +
∂

∂t
X̂t (915)

GPT-4
-8.3 -22.7 8.4 -18.7
0.90 0.76 0.98 0.76

X̂t = vt (t, X̂) (916)

X̂t log (X̂) = log (X̂) vt (t, X̂) (917)

X̂ + X̂t log (X̂) = X̂ + log (X̂) vt (t, X̂) (918)

∂

∂t
vt (t, X̂) =

∂

∂t
X̂t (919)

X̂ +
∂

∂t
vt (t, X̂) = X̂ +

∂

∂t
X̂t (920)

X̂ + X̂t log (X̂) = X̂ +
∂

∂t
X̂t (921)

ChatGPT
14.2 32.7 17.5 24.6
0.80 0.63 0.74 0.68

X̂t = vt (t, X̂) (922)

∂

∂t
X̂t =

∂

∂t
vt (t, X̂) (923)

X̂ + X̂t log (X̂) = X̂ +
∂

∂t
vt (t, X̂) (924)

X̂ + X̂t log (X̂) = X̂ +
∂

∂t
X̂t (925)



D.2.5 Derivation 17 EE
Correct

1

Ax
= y(Ax) (926)

∫
1

Ax
dAx =

∫
y(Ax)dAx (927)

ε0 + log (Ax) =

∫
y(Ax)dAx (928)

ε0 + log (Ax) =

∫
1

Ax
dAx (929)

ε0 + log (Ax)−
x

Ax
=

∫
1

Ax
dAx −

x

Ax
(930)

∂

∂x
(ε0+log (Ax)−

x

Ax
) =

∂

∂x
(

∫
1

Ax
dAx−

x

Ax
)

(931)

FLAN-T5
6.7 7.3 4.9 7.3
0.96 0.94 0.98 0.94

1

Ax
= y(Ax) (932)

∫
1

Ax
dAx =

∫
y(Ax)dAx (933)

∫
1

Ax
dAx −

x

Ax
=

∫
y(Ax)dAx (934)

ε0 + log (Ax) =

∫
y(Ax)dAx (935)

ε0 + log (Ax)−
x

Ax
=

∫
1

Ax
dAx −

x

Ax
(936)

∂

∂x
(ε0+log (Ax)−

x

Ax
) =

∂

∂x
(

∫
1

Ax
dAx−

x

Ax
)

(937)

GPT-4
-6.1 -23.4 -26.2 -17.6
0.88 0.75 0.91 0.75

1

Ax
= y(Ax) (938)

∫
y(Ax)dAx =

∫
1

Ax
dAx (939)

∫
1

Ax
dAx = log (Ax) + C (940)

ε0 + log (Ax) =

∫
y(Ax)dAx (941)

ε0 + log (Ax) = log (Ax) + C (942)

∂

∂x
(ε0+log (Ax)−

x

Ax
) =

∂

∂x
(

∫
1

Ax
dAx−

x

Ax
)

(943)

ChatGPT
0.3 0.1 -2.3 -0.4
0.92 0.89 0.94 0.90

1

Ax
= y(Ax) (944)

log (Ax) =

∫
y(Ax)dAx + ε0 (945)

ε0 + log (Ax) =

∫
y(Ax)dAx (946)

∂

∂x
(ε0+log (Ax)−

x

Ax
) =

∂

∂x
(

∫
1

Ax
dAx−

x

Ax
)

(947)



D.2.6 Derivation 18 EE
Correct

sin (λ) = u(λ) (948)

∫
sin (λ)dλ =

∫
u(λ)dλ (949)

n− cos (λ) =

∫
u(λ)dλ (950)

n− cos (λ) =

∫
sin (λ)dλ (951)

−n− cos (λ)

cos (λ)
= −

∫
sin (λ)dλ

cos (λ)
(952)

FLAN-T5
0.8 3.3 -2.2 3.4
0.88 0.87 0.88 0.88

sin (λ) = u(λ) (953)

∫
sin (λ)dλ =

∫
u(λ)dλ (954)

∫
sin (λ)dλ

cos (λ)
=

∫
u(λ)dλ

cos (λ)
(955)

n− cos (λ) =

∫
u(λ)dλ (956)

n− cos (λ) =

∫
sin (λ)dλ (957)

−n− cos (λ) = −
∫
sin (λ)dλ

cos (λ)
(958)

GPT-4
2.7 2.1 7.0 1.9
0.91 0.94 0.87 0.95

sin (λ) = u(λ) (959)

n− cos (λ) =

∫
u(λ)dλ (960)

n− cos (λ) =

∫
sin (λ)dλ (961)

−n− cos (λ)

cos (λ)
= −

∫
sin (λ)dλ

cos (λ)
(962)

ChatGPT
-5.7 -10.7 -4.5 -11.1
0.84 0.69 0.76 0.72

sin (λ) = u(λ) (963)

∫
u(λ)dλ =

∫
sin (λ)dλ (964)

n− cos (λ) =

∫
u(λ)dλ− cos (λ) (965)

−n− cos (λ)

cos (λ)
= −

∫
sin (λ)dλ

cos (λ)
(966)



D.2.7 Derivation 19 EE
Correct

sin (ϕ1) = J(ϕ1) (967)

d

dϕ1
sin (ϕ1) =

d

dϕ1
J(ϕ1) (968)

sin (ϕ1)
d

dϕ1
sin (ϕ1) = sin (ϕ1)

d

dϕ1
J(ϕ1)

(969)

sin (ϕ1) cos (ϕ1) = sin (ϕ1)
d

dϕ1
J(ϕ1) (970)

sin (ϕ1) cos (ϕ1) = sin (ϕ1)
d

dϕ1
sin (ϕ1) (971)

J(ϕ1) cos (ϕ1) = J(ϕ1)
d

dϕ1
J(ϕ1) (972)

FLAN-T5
2.5 5.1 -3.0 4.2
0.93 0.93 0.94 0.93

sin (ϕ1) = J(ϕ1) (973)

d

dϕ1
sin (ϕ1) =

d

dϕ1
J(ϕ1) (974)

sin (ϕ1) cos (ϕ1) = sin (ϕ1)
d

dϕ1
J(ϕ1) (975)

sin (ϕ1) cos (ϕ1) = sin (ϕ1)
d

dϕ1
J(ϕ1) (976)

J(ϕ1) cos (ϕ1) = J(ϕ1)
d

dϕ1
J(ϕ1) (977)

GPT-4
-10.9 -31.1 -24.0 -22.4
0.79 0.67 1.22 0.67

sin (ϕ1) = J(ϕ1) (978)

sin (ϕ1) cos (ϕ1) = J(ϕ1) cos (ϕ1) (979)

sin (ϕ1)
d

dϕ1
J(ϕ1) = J(ϕ1)

d

dϕ1
J(ϕ1) (980)

sin (ϕ1) cos (ϕ1) = sin (ϕ1)
d

dϕ1
J(ϕ1) (981)

J(ϕ1) cos (ϕ1) = J(ϕ1)
d

dϕ1
J(ϕ1) (982)

ChatGPT
5.9 13.2 22.9 9.5
0.89 0.82 0.98 0.83

sin (ϕ1) = J(ϕ1) (983)

cos (ϕ1) =
d

dϕ1
sin (ϕ1) (984)

sin (ϕ1) cos (ϕ1) = sin (ϕ1)
d

dϕ1
J(ϕ1) (985)

J(ϕ1) = sin (ϕ1) (986)

J(ϕ1) cos (ϕ1) = J(ϕ1)
d

dϕ1
J(ϕ1) (987)



D.2.8 Derivation 20 EE
Correct

d

dJf
sin (Jf ) = f ′ (Jf ) (988)

cos (Jf ) = f ′ (Jf ) (989)

sin (Jf )
d

dJf
sin (Jf ) = f ′ (Jf ) sin (Jf ) (990)

d

dJf
sin (Jf ) = cos (Jf ) (991)

sin (Jf ) cos (Jf ) = f ′ (Jf ) sin (Jf ) (992)

FLAN-T5
-4.8 -11.0 -19.8 -6.7
0.72 0.55 0.93 0.55

d

dJf
sin (Jf ) = f ′ (Jf ) (993)

d

dJf
sin (Jf )

d

dJf
sin (Jf ) = f ′ (Jf )

d

dJf
sin (Jf )

(994)

cos (Jf ) = f ′ (Jf ) (995)

d

dJf
sin (Jf ) cos (Jf ) =

d

dJf
sin (Jf ) f

′ (Jf )

(996)

sin (Jf ) cos (Jf ) = f ′ (Jf ) sin (Jf ) (997)

GPT-4
13.5 22.4 21.9 16.1
0.85 0.75 0.88 0.77

d

dJf
sin (Jf ) = f ′ (Jf ) (998)

cos (Jf ) = f ′ (Jf ) (999)

sin (Jf ) cos (Jf ) = f ′ (Jf ) sin (Jf ) (1000)

ChatGPT
-15.2 -22.3 -20.3 -16.1
0.89 0.78 1.03 0.78

d

dJf
sin (Jf ) = f ′ (Jf ) (1001)

cos (Jf ) =
d

dJf
sin (Jf ) (1002)

cos (Jf ) = f ′ (Jf ) (1003)

sin (Jf ) cos (Jf ) = f ′ (Jf ) sin (Jf ) (1004)



D.2.9 Derivation 21 EE
Correct

eΨλ = I(Ψλ) (1005)

∫
eΨλdΨλ =

∫
I(Ψλ)dΨλ (1006)

Ψλ +

∫
eΨλdΨλ = Ψλ +

∫
I(Ψλ)dΨλ (1007)

Ψλ + χ+ eΨλ = Ψλ +

∫
I(Ψλ)dΨλ (1008)

Ψλ + χ+ I(Ψλ) = Ψλ +

∫
I(Ψλ)dΨλ (1009)

FLAN-T5
1.9 2.7 1.1 2.7
0.98 0.97 1.09 0.97

I(Ψλ) = I(Ψλ) (1010)

∫
eΨλdΨλ =

∫
I(Ψλ)dΨλ (1011)

Ψλ +

∫
eΨλdΨλ = Ψλ +

∫
I(Ψλ)dΨλ (1012)

Ψλ + χ+ eΨλ = Ψλ +

∫
I(Ψλ)dΨλ (1013)

Ψλ + χ+ I(Ψλ) = Ψλ +

∫
I(Ψλ)dΨλ (1014)

GPT-4
-10.4 -11.2 -8.8 -10.7
0.88 0.88 1.02 0.88

eΨλ = I(Ψλ) (1015)

Ψλ + χ+ eΨλ = Ψλ + χ+ I(Ψλ) (1016)

∫
I(Ψλ)dΨλ =

∫
eΨλdΨλ (1017)

Ψλ +

∫
I(Ψλ)dΨλ = Ψλ +

∫
eΨλdΨλ (1018)

Ψλ + χ+ I(Ψλ) = Ψλ +

∫
I(Ψλ)dΨλ (1019)

ChatGPT
7.2 -5.9 -0.2 -6.1
0.85 0.79 0.81 0.80

eΨλ = I(Ψλ) (1020)

d

dΨλ
eΨλ =

d

dΨλ
I(Ψλ) (1021)

eΨλ = I(Ψλ) (1022)

Ψλ + χ+ eΨλ = Ψλ + χ+ I(Ψλ) (1023)

d

dΨλ
eΨλ = eΨλ = I(Ψλ) (1024)

Ψλ + χ+ I(Ψλ) = Ψλ +

∫
I(Ψλ)dΨλ (1025)



D.2.10 Derivation 22 EE
Correct

log (s) = y′ (s) (1026)

∫
log (s)ds =

∫
y′ (s)ds (1027)

s log (s)− s+ ω =

∫
y′ (s)ds (1028)

y′ (s)−
∫

y′ (s)ds = a(s) (1029)

−s log (s) + s− ω + y′ (s) = a(s) (1030)

FLAN-T5
3.3 1.9 1.3 1.9
0.98 0.96 0.78 0.96

log (s) = y′ (s) (1031)

s log (s) = s y′ (s) (1032)

∫
y′ (s)ds =

∫
y′ (s)ds (1033)

s log (s)− s+ ω =

∫
y′ (s)ds (1034)

s log (s)− s+ ω =

∫
y′ (s)ds (1035)

y′ (s)−
∫

y′ (s)ds = a(s) (1036)

−s log (s) + s− ω + y′ (s) = a(s) (1037)

GPT-4
12.4 21.3 22.6 19.5
0.87 0.79 0.76 0.80

log (s) = y′ (s) (1038)

y′ (s)−
∫

y′ (s)ds = a(s) (1039)

s log (s)− s+ ω =

∫
y′ (s)ds (1040)

−s log (s) + s− ω + y′ (s) = a(s) (1041)

ChatGPT
0.2 2.1 -4.8 2.1
0.92 0.93 0.73 0.93

log (s) = y′ (s) (1042)

d

ds
log (s) =

d

ds
y′ (s) (1043)

1

s
= y′′ (s) (1044)

∫
y′ (s)ds = log (s) + ω (1045)

y′ (s)−
∫

y′ (s)ds = a(s) (1046)

s log (s)− s+ ω =

∫
y′ (s)ds (1047)

−s log (s) + s− ω + y′ (s) = a(s) (1048)



D.2.11 Derivation 23 EE
Correct

sin (FN ) = Az (FN ) (1049)

∫
sin (FN )dFN =

∫
Az (FN )dFN (1050)

(

∫
Az (FN )dFN )2 = v(FN ) (1051)

(

∫
sin (FN )dFN )2 = v(FN ) (1052)

(Q− cos (FN ))2 = v(FN ) (1053)

(

∫
sin (FN )dFN )2 = (

∫
Az (FN )dFN )2

(1054)

(Q− cos (FN ))2 = (

∫
Az (FN )dFN )2 (1055)

(Q− cos (FN ))2 = (

∫
sin (FN )dFN )2 (1056)

FLAN-T5
-8.6 -22.6 8.6 -18.0
0.82 0.75 0.95 0.75

sin (FN ) = Az (FN ) (1057)

∫
Az (FN )dFN =

∫
Az (FN )dFN (1058)

(

∫
Az (FN )dFN )2 = (

∫
Az (FN )dFN )2

(1059)

(

∫
Az (FN )dFN )2 = v(FN ) (1060)

(

∫
sin (FN )dFN )2 = v(FN ) (1061)

(Q− cos (FN ))2 = v(FN ) (1062)

(Q− cos (FN ))2 = (

∫
sin (FN )dFN )2 (1063)

GPT-4
7.2 12.8 12.1 8.9
0.87 0.82 0.85 0.83

sin (FN ) = Az (FN ) (1064)

(

∫
Az (FN )dFN )2 = v(FN ) (1065)

(

∫
sin (FN )dFN )2 = v(FN ) (1066)

(Q− cos (FN ))2 = v(FN ) (1067)

(Q− cos (FN ))2 = (

∫
sin (FN )dFN )2 (1068)

ChatGPT
-14.5 -26.0 -0.1 -21.7
0.69 0.70 0.79 0.70

sin (FN ) = Az (FN ) (1069)

cos (FN ) =

√
1− sin2 (FN ) (1070)

Q = cos (FN ) +

∫
Az (FN )dFN (1071)

(Q− cos (FN ))2 = (

∫
Az (FN )dFN )2 (1072)

(

∫
Az (FN )dFN )2 = v(FN ) (1073)

(Q− cos (FN ))2 = v(FN ) (1074)



(

∫
sin (FN )dFN )2 = v(FN ) (1075)

(Q− cos (FN ))2 = (

∫
sin (FN )dFN )2 (1076)

D.2.12 Derivation 24 EE
Correct

sin (ε0) = f ′ (ε0) (1077)

− f ′ (ε0) + sin (ε0) = 0 (1078)

d

dε0
(− f ′ (ε0) + sin (ε0)) =

d

dε0
0 (1079)

cos (ε0)−
d

dε0
f ′ (ε0) = 0 (1080)

∫
(cos (ε0)−

d

dε0
f ′ (ε0))dε0 =

∫
0dε0 (1081)

FLAN-T5
12.2 19.5 21.6 19.4
0.93 0.84 0.87 0.84

sin (ε0) = f ′ (ε0) (1082)

d

dε0
sin (ε0) =

d

dε0
f ′ (ε0) (1083)

cos (ε0) +
d

dε0
sin (ε0) = cos (ε0) +

d

dε0
f ′ (ε0)

(1084)

cos (ε0)−
d

dε0
f ′ (ε0) = 0 (1085)

∫
(cos (ε0)−

d

dε0
f ′ (ε0))dε0 =

∫
0dε0 (1086)

GPT-4
-6.4 -16.5 -11.1 -14.2
0.86 0.78 1.09 0.78

sin (ε0) = f ′ (ε0) (1087)

d

dε0
sin (ε0) =

d

dε0
f ′ (ε0) (1088)

cos (ε0) =
d

dε0
f ′ (ε0) (1089)

cos (ε0)−
d

dε0
f ′ (ε0) = 0 (1090)

∫
(cos (ε0)−

d

dε0
f ′ (ε0))dε0 =

∫
0dε0 (1091)

ChatGPT
2.4 4.0 13.0 3.8
0.92 0.92 1.00 0.92

sin (ε0) = f ′ (ε0) (1092)

cos (ε0) =
d

dε0
sin (ε0) (1093)

cos (ε0) =
d

dε0
f ′ (ε0) (1094)

cos (ε0)−
d

dε0
f ′ (ε0) = 0 (1095)

∫
(cos (ε0)−

d

dε0
f ′ (ε0))dε0 =

∫
0dε0 (1096)



D.2.13 Derivation 25 EE
Correct

W +
q

B
= y(W, q,B) (1097)

W − y(W, q,B) +
q

B
= 0 (1098)

∂

∂q
(W − y(W, q,B) +

q

B
) =

d

dq
0 (1099)

− ∂

∂q
y(W, q,B) +

1

B
= 0 (1100)

− ∂

∂q
(W +

q

B
) +

1

B
= 0 (1101)

FLAN-T5
6.8 7.4 9.4 7.2
0.85 0.91 1.07 0.91

y(W, q,B) = W +
q

B
(1102)

y(W, q,B)− 1

B
= 0 (1103)

∂

∂q
(y(W, q,B)− 1

B
) =

d

dq
0 (1104)

− ∂

∂q
y(W, q,B) +

1

B
= 0 (1105)

− ∂

∂q
(W +

q

B
) +

1

B
= 0 (1106)

GPT-4
9.0 12.2 5.1 12.1
1.10 0.93 1.17 0.93

W +
q

B
= y(W, q,B) (1107)

y(W, q,B) = W +
q

B
(1108)

∂

∂q
y(W, q,B) =

∂

∂q
(W +

q

B
) (1109)

− ∂

∂q
y(W, q,B) +

1

B
= − ∂

∂q
(W +

q

B
) +

1

B
(1110)

0 = − ∂

∂q
(W +

q

B
) +

1

B
(1111)

ChatGPT
2.3 11.0 11.0 8.8
0.96 0.79 0.97 0.81

W +
q

B
= y(W, q,B) (1112)

∂

∂q
(W +

q

B
) =

1

B
(1113)

− ∂

∂q
y(W, q,B) +

1

B
= 0 (1114)

− ∂

∂q
(W +

q

B
) +

1

B
= 0 (1115)



D.3 Alternative Goal (AG)

D.3.1 Derivation 13 AG
Correct

W (Pe) = log (Pe) (1116)

d

dPe
W (Pe) =

d

dPe
log (Pe) (1117)

d

dPe
W (Pe) =

1

Pe
(1118)

d

dPe
log (Pe) =

1

Pe
(1119)

−Pe +
d

dPe
log (Pe) = −Pe +

1

Pe
(1120)

FLAN-T5
6.0 8.4 -9.2 8.4
0.92 0.90 0.96 0.90

(Pe) = log (Pe) (1121)

d

dPe
W (Pe) =

d

dPe
log (Pe) (1122)

d

dPe
W (Pe) =

1

Pe
(1123)

−Pe +
d

dPe
W (Pe) = −Pe +

1

Pe
(1124)

−Pe +
d

dPe
log (Pe) = −Pe +

1

Pe
(1125)

GPT-4
0.4 0.0 -10.0 0.0
0.97 0.98 0.86 0.98

W (Pe) = log (Pe) (1126)

d

dPe
W (Pe) =

d

dPe
log (Pe) (1127)

d

dPe
W (Pe) =

1

Pe
(1128)

−Pe +
d

dPe
log (Pe) = −Pe +

1

Pe
(1129)

ChatGPT
-10.7 -21.1 -24.2 -19.3
0.86 0.80 0.99 0.80

W (Pe) = log (Pe) (1130)

d

dPe
W (Pe) =

d

dPe
log (Pe) (1131)

d

dPe
W (Pe) =

1

Pe
(1132)

d

dPe
log (Pe) =

1

Pe
(1133)

−Pe +
d

dPe
log (Pe) = −Pe +

1

Pe
(1134)



D.3.2 Derivation 14 AG
Correct

ϕ(x′) =

∫
log (x′)dx′ (1135)

d

dx′
ϕ(x′) =

d

dx′

∫
log (x′)dx′ (1136)

d

dx′
ϕ(x′) =

∂

∂x′
(n2 + x′ log (x′)− x′) (1137)

t1 (x
′, n2) =

∂

∂x′
(n2 + x′ log (x′)− x′) (1138)

t1 (x
′, n2) =

d

dx′
ϕ(x′) (1139)

t1 (x
′, n2)

n2 + x′ log (x′)− x′
=

d
dx′ϕ(x′)

n2 + x′ log (x′)− x′

(1140)

FLAN-T5
4.4 2.5 -5.6 3.3
0.86 0.74 0.98 0.74

ϕ(x′) =

∫
log (x′)dx′ (1141)

d

dx′
ϕ(x′) =

d

dx′

∫
log (x′)dx′ (1142)

d

dx′
ϕ(x′) =

∂

∂x′
(n2 + x′ log (x′)− x′) (1143)

t1 (x
′, n2) =

∂

∂x′
(n2 + x′ log (x′)− x′) (1144)

t1 (x
′, n2)

n2 + x′ log (x′)− x′
=

d
dx′

∫
log (x′)dx′

n2 + x′ log (x′)− x′

(1145)

t1 (x
′, n2)

n2 + x′ log (x′)− x′
=

d
dx′ϕ(x′)

n2 + x′ log (x′)− x′

(1146)

GPT-4
-5.9 -12.8 0.0 -12.9
0.93 0.82 0.96 0.84

ϕ(x′) =

∫
log (x′)dx′ (1147)

d

dx′
ϕ(x′) =

d

dx′

∫
log (x′)dx′ (1148)

d

dx′
ϕ(x′) = log (x′) (1149)

t1 (x
′, n2) =

∂

∂x′
(n2 + x′ log (x′)− x′) (1150)

d

dx′
ϕ(x′) =

∂

∂x′
(n2 + x′ log (x′)− x′) (1151)

t1 (x
′, n2)

n2 + x′ log (x′)− x′
=

d
dx′ϕ(x′)

n2 + x′ log (x′)− x′

(1152)

ChatGPT
-14.4 -27.9 9.8 -28.0
0.74 0.55 0.74 0.61

ϕ(x′) =

∫
log (x′)dx′ (1153)

d

dx′
ϕ(x′) =

1

x′
(1154)

t1 (x
′, n2) =

∂

∂x′
(n2 + x′ log (x′)− x′) (1155)

∂

∂x′
(n2 + x′ log (x′)− x′) = log (x′) (1156)

d
dx′ϕ(x′)

n2 + x′ log (x′)− x′
=

1

x′
(1157)

t1 (x
′, n2)

n2 + x′ log (x′)− x′
=

d
dx′ϕ(x′)

n2 + x′ log (x′)− x′

(1158)



D.3.3 Derivation 15 AG
Correct

C(ϕ2) = log (ϕ2) (1159)

2C(ϕ2) = C(ϕ2) + log (ϕ2) (1160)

d

dϕ2
2C(ϕ2) =

d

dϕ2
(C(ϕ2) + log (ϕ2)) (1161)

2
d

dϕ2
C(ϕ2) =

d

dϕ2
C(ϕ2) +

1

ϕ2
(1162)

2
d

dϕ2
log (ϕ2) =

d

dϕ2
log (ϕ2) +

1

ϕ2
(1163)

ϕ2 + 2
d

dϕ2
log (ϕ2) = ϕ2 +

d

dϕ2
log (ϕ2) +

1

ϕ2
(1164)

FLAN-T5
-0.0 0.0 0.1 0.0
1.00 1.00 0.98 1.00

(ϕ2) = log (ϕ2) (1165)

2C(ϕ2) = C(ϕ2) + log (ϕ2) (1166)

d

dϕ2
2C(ϕ2) =

d

dϕ2
(C(ϕ2) + log (ϕ2)) (1167)

2
d

dϕ2
C(ϕ2) =

d

dϕ2
C(ϕ2) +

1

ϕ2
(1168)

2
d

dϕ2
log (ϕ2) =

d

dϕ2
log (ϕ2) +

1

ϕ2
(1169)

ϕ2 + 2
d

dϕ2
log (ϕ2) = ϕ2 +

d

dϕ2
log (ϕ2) +

1

ϕ2
(1170)

GPT-4
1.5 12.9 -1.0 9.9
0.92 0.80 0.80 0.82

C(ϕ2) = log (ϕ2) (1171)

d

dϕ2
C(ϕ2) =

1

ϕ2
(1172)

2
d

dϕ2
C(ϕ2) = 2

1

ϕ2
(1173)

2
d

dϕ2
C(ϕ2) =

d

dϕ2
C(ϕ2) +

1

ϕ2
(1174)

ϕ2 + 2
d

dϕ2
log (ϕ2) = ϕ2 +

d

dϕ2
log (ϕ2) +

1

ϕ2
(1175)

ChatGPT
-18.1 -29.4 -10.8 -29.5
0.82 0.58 0.96 0.65

C(ϕ2) = log (ϕ2) (1176)

d

dϕ2
C(ϕ2) =

d

dϕ2
log (ϕ2) (1177)

2
d

dϕ2
C(ϕ2) = 2

d

dϕ2
log (ϕ2) (1178)

2
d

dϕ2
C(ϕ2) =

d

dϕ2
log (ϕ2) +

d

dϕ2
log (ϕ2)

(1179)

2
d

dϕ2
C(ϕ2) =

d

dϕ2
C(ϕ2) +

1

ϕ2
(1180)

ϕ2 + 2
d

dϕ2
log (ϕ2) = ϕ2 +

d

dϕ2
log (ϕ2) +

1

ϕ2
(1181)



D.3.4 Derivation 16 AG
Correct

vt (t, X̂) = X̂t (1182)

∂

∂t
vt (t, X̂) =

∂

∂t
X̂t (1183)

X̂ +
∂

∂t
vt (t, X̂) = X̂ +

∂

∂t
X̂t (1184)

X̂ +
∂

∂t
vt (t, X̂) = X̂ + X̂t log (X̂) (1185)

X̂+
∂

∂t
vt (t, X̂) = X̂+vt (t, X̂) log (X̂) (1186)

(X̂ +
∂

∂t
vt (t, X̂))t = (X̂ + vt (t, X̂) log (X̂))t

(1187)

FLAN-T5
-7.5 -20.3 -0.3 -17.8
0.90 0.78 0.98 0.78

vt (t, X̂) = X̂t (1188)

∂

∂t
vt (t, X̂) =

∂

∂t
X̂t (1189)

X̂ +
∂

∂t
vt (t, X̂) = X̂ +

∂

∂t
X̂t (1190)

X̂ +
∂

∂t
vt (t, X̂) = X̂ + X̂t log (X̂) (1191)

(X̂+
∂

∂t
vt (t, X̂))t = (X̂+X̂t log (X̂))t (1192)

(X̂ +
∂

∂t
vt (t, X̂))t = (X̂ + vt (t, X̂) log (X̂))t

(1193)

GPT-4
-4.2 -8.0 -0.5 -6.5
0.96 0.90 0.97 0.90

vt (t, X̂) = X̂t (1194)

∂

∂t
vt (t, X̂) =

∂

∂t
X̂t (1195)

∂

∂t
vt (t, X̂) = X̂t log (X̂) (1196)

X̂ +
∂

∂t
vt (t, X̂) = X̂ + X̂t log (X̂) (1197)

(X̂ +
∂

∂t
vt (t, X̂))t = (X̂ + vt (t, X̂) log (X̂))t

(1198)

ChatGPT
0.2 -4.8 1.0 -4.2
0.94 0.87 0.87 0.87

vt (t, X̂) = X̂t (1199)

∂

∂t
vt (t, X̂) =

∂

∂t
X̂t (1200)

∂

∂t
X̂t = X̂t log (X̂) (1201)

X̂ +
∂

∂t
vt (t, X̂) = X̂ + X̂t log (X̂) (1202)

(X̂ +
∂

∂t
vt (t, X̂))t = (X̂t + X̂t log (X̂))t

(1203)

(X̂ +
∂

∂t
vt (t, X̂))t = (X̂ + vt (t, X̂) log (X̂))t

(1204)



D.3.5 Derivation 17 AG
Correct

y(Ax) =
1

Ax
(1205)

∫
y(Ax)dAx =

∫
1

Ax
dAx (1206)

∫
y(Ax)dAx = ε0 + log (Ax) (1207)

∫
1

Ax
dAx = ε0 + log (Ax) (1208)

∫
1

Ax
dAx −

x

Ax
= ε0 + log (Ax)−

x

Ax
(1209)

∂

∂ε0
(

∫
1

Ax
dAx−

x

Ax
) =

∂

∂ε0
(ε0+log (Ax)−

x

Ax
)

(1210)

FLAN-T5
0.0 0.0 4.9 0.0
1.00 1.00 1.00 1.00

y(Ax) =
1

Ax
(1211)

∫
y(Ax)dAx =

∫
1

Ax
dAx (1212)

∫
y(Ax)dAx = ε0 + log (Ax) (1213)

∫
1

Ax
dAx = ε0 + log (Ax) (1214)

∫
1

Ax
dAx −

x

Ax
= ε0 + log (Ax)−

x

Ax
(1215)

∂

∂ε0
(

∫
1

Ax
dAx−

x

Ax
) =

∂

∂ε0
(ε0+log (Ax)−

x

Ax
)

(1216)

GPT-4
-0.5 -1.0 -12.6 -0.7
0.97 0.98 0.84 0.98

y(Ax) =
1

Ax
(1217)

∫
y(Ax)dAx =

∫
1

Ax
dAx (1218)

∫
y(Ax)dAx = ε0 + log (Ax) (1219)

∂

∂ε0
(

∫
1

Ax
dAx−

x

Ax
) =

∂

∂ε0
(ε0+log (Ax)−

x

Ax
)

(1220)

ChatGPT
-8.0 -18.0 -26.1 -11.8
0.64 0.48 0.92 0.48

y(Ax) =
1

Ax
(1221)

∫
y(Ax)dAx =

∫
1

Ax
dAx (1222)

∫
y(Ax)dAx = log (Ax) + q (1223)

∫
1

Ax
dAx = log (Ax) + q (1224)

∫
1

Ax
dAx −

x

Ax
= log (Ax)−

x

Ax
+ q (1225)

∂

∂ε0
(

∫
1

Ax
dAx−

x

Ax
) =

∂

∂ε0
(log (Ax)−

x

Ax
+ε0)

(1226)

∂

∂ε0
(

∫
1

Ax
dAx−

x

Ax
) =

∂

∂ε0
(ε0+log (Ax)−

x

Ax
)

(1227)



D.3.6 Derivation 18 AG
Correct

u(λ) = sin (λ) (1228)

∫
u(λ)dλ =

∫
sin (λ)dλ (1229)

∫
u(λ)dλ = n− cos (λ) (1230)

∫
sin (λ)dλ = n− cos (λ) (1231)

∫∫
sin (λ)dλdn =

∫
(n− cos (λ))dn (1232)

FLAN-T5
-14.0 -20.8 -4.8 -20.8
0.86 0.75 0.45 0.79

u(λ) = sin (λ) (1233)

∫
u(λ)dλ =

∫
sin (λ)dλ (1234)

∫
u(λ)dλ = n− cos (λ) (1235)

∫
sin (λ)dλ = n− cos (λ) (1236)

∫∫
sin (λ)dλdn =

∫
(n− cos (λ))dn (1237)

GPT-4
0.8 -12.3 7.5 -11.0
0.91 1.07 1.02 1.06

u(λ) = sin (λ) (1238)

∫
u(λ)dλ =

∫
sin (λ)dλ (1239)

∫
u(λ)dλ = − cos (λ) + C (1240)

∫
u(λ)dλ = n− cos (λ) (1241)

∫∫
sin (λ)dλdn =

∫
(n− cos (λ))dn (1242)

ChatGPT
13.7 16.7 19.1 16.7
0.68 0.86 0.74 0.86

u(λ) = sin (λ) (1243)

∫
u(λ)dλ =

∫
sin (λ)dλ (1244)

∫
sin (λ)dλ = − cos (λ) + C (1245)

∫
u(λ)dλ = − cos (λ) + C (1246)

∫ n

0

∫ λ

0
sin (λ)dλdn =

∫ n

0
(− cos (λ))dn+

∫ n

0
Cdn

(1247)

∫∫
sin (λ)dλdn =

∫
(n− cos (λ))dn (1248)



D.3.7 Derivation 19 AG
Correct

J(ϕ1) = sin (ϕ1) (1249)

d

dϕ1
J(ϕ1) =

d

dϕ1
sin (ϕ1) (1250)

sin (ϕ1)
d

dϕ1
J(ϕ1) = sin (ϕ1)

d

dϕ1
sin (ϕ1)

(1251)

sin (ϕ1)
d

dϕ1
J(ϕ1) = sin (ϕ1) cos (ϕ1) (1252)

sin (ϕ1)
d

dϕ1
sin (ϕ1) = sin (ϕ1) cos (ϕ1) (1253)

sin (ϕ1)
d

dϕ1
sin (ϕ1)−

d

dϕ1
J(ϕ1) = sin (ϕ1) cos (ϕ1)−

d

dϕ1
J(ϕ1)

(1254)

FLAN-T5
-10.2 -20.7 2.7 -18.9
0.89 0.81 0.97 0.81

(ϕ1) = sin (ϕ1) (1255)

d

dϕ1
J(ϕ1) =

d

dϕ1
sin (ϕ1) (1256)

sin (ϕ1)
d

dϕ1
J(ϕ1) = sin (ϕ1)

d

dϕ1
sin (ϕ1)

(1257)

sin (ϕ1)
d

dϕ1
J(ϕ1) = sin (ϕ1) cos (ϕ1) (1258)

sin (ϕ1)
d

dϕ1
sin (ϕ1) = sin (ϕ1) cos (ϕ1) (1259)

sin (ϕ1)
d

dϕ1
sin (ϕ1)−

d

dϕ1
J(ϕ1) = sin (ϕ1) cos (ϕ1)−

d

dϕ1
J(ϕ1)

(1260)

GPT-4
-5.3 -9.2 -22.0 -6.5
0.92 0.88 0.98 0.88

J(ϕ1) = sin (ϕ1) (1261)

d

dϕ1
J(ϕ1) = cos (ϕ1) (1262)

sin (ϕ1)
d

dϕ1
J(ϕ1) = sin (ϕ1) cos (ϕ1) (1263)

sin (ϕ1)
d

dϕ1
sin (ϕ1)−

d

dϕ1
J(ϕ1) = sin (ϕ1) cos (ϕ1)−

d

dϕ1
J(ϕ1)

(1264)

ChatGPT
-9.0 -17.4 -10.1 -14.4
0.87 0.82 0.96 0.82

J(ϕ1) = sin (ϕ1) (1265)

d

dϕ1
J(ϕ1) = cos (ϕ1) (1266)

sin (ϕ1)
d

dϕ1
J(ϕ1) = sin (ϕ1) cos (ϕ1) (1267)

sin (ϕ1)
d

dϕ1
sin (ϕ1) = sin (ϕ1) cos (ϕ1) (1268)

d

dϕ1
J(ϕ1) = cos (ϕ1) (1269)

sin (ϕ1)
d

dϕ1
sin (ϕ1)−

d

dϕ1
J(ϕ1) = sin (ϕ1) cos (ϕ1)−

d

dϕ1
J(ϕ1)

(1270)



D.3.8 Derivation 20 AG
Correct

f ′ (Jf ) =
d

dJf
sin (Jf ) (1271)

f ′ (Jf ) = cos (Jf ) (1272)

f ′ (Jf ) sin (Jf ) = sin (Jf )
d

dJf
sin (Jf ) (1273)

cos (Jf ) =
d

dJf
sin (Jf ) (1274)

d

dJf
cos (Jf ) =

d2

dJ2
f

sin (Jf ) (1275)

FLAN-T5
-3.7 -1.1 -5.3 -1.0
0.94 0.96 0.90 0.96

f ′ (Jf ) =
d

dJf
sin (Jf ) (1276)

f ′ (Jf ) = cos (Jf ) (1277)

cos (Jf ) =
d

dJf
sin (Jf ) (1278)

d

dJf
cos (Jf ) =

d2

dJ2
f

sin (Jf ) (1279)

GPT-4
11.7 21.4 19.5 15.5
0.86 0.77 0.84 0.79

f ′ (Jf ) =
d

dJf
sin (Jf ) (1280)

f ′ (Jf ) = cos (Jf ) (1281)

d

dJf
cos (Jf ) =

d2

dJ2
f

sin (Jf ) (1282)

ChatGPT
-17.5 -23.4 -18.7 -17.1
0.82 0.77 0.82 0.77

f ′ (Jf ) =
d

dJf
sin (Jf ) (1283)

f ′ (Jf ) = cos (Jf ) (1284)

cos (Jf ) =
d

dJf
sin (Jf ) (1285)

d

dJf
cos (Jf ) =

d2

dJ2
f

sin (Jf ) (1286)



D.3.9 Derivation 21 AG
Correct

I(Ψλ) = eΨλ (1287)

∫
I(Ψλ)dΨλ =

∫
eΨλdΨλ (1288)

Ψλ +

∫
I(Ψλ)dΨλ = Ψλ +

∫
eΨλdΨλ (1289)

Ψλ +

∫
I(Ψλ)dΨλ = Ψλ + χ+ eΨλ (1290)

Ψλ +

∫
eΨλdΨλ = Ψλ + χ+ eΨλ (1291)

FLAN-T5
0.0 0.0 -0.9 0.0
1.00 1.00 1.05 1.00

I(Ψλ) = eΨλ (1292)

∫
I(Ψλ)dΨλ =

∫
eΨλdΨλ (1293)

Ψλ +

∫
I(Ψλ)dΨλ = Ψλ +

∫
eΨλdΨλ (1294)

Ψλ +

∫
I(Ψλ)dΨλ = Ψλ + χ+ eΨλ (1295)

Ψλ +

∫
eΨλdΨλ = Ψλ + χ+ eΨλ (1296)

GPT-4
-3.8 -0.9 -2.1 -0.9
0.93 0.95 0.89 0.95

I(Ψλ) = eΨλ (1297)

∫
I(Ψλ)dΨλ =

∫
eΨλdΨλ (1298)

∫
eΨλdΨλ = χ+ eΨλ (1299)

Ψλ +

∫
I(Ψλ)dΨλ = Ψλ + χ+ eΨλ (1300)

Ψλ +

∫
eΨλdΨλ = Ψλ + χ+ eΨλ (1301)

ChatGPT
-3.5 -8.2 0.3 -8.2
0.95 0.89 1.03 0.90

I(Ψλ) = eΨλ (1302)

d

dΨλ
I(Ψλ) =

d

dΨλ
eΨλ (1303)

d

dΨλ
I(Ψλ) = eΨλ (1304)

∫
I(Ψλ)dΨλ =

∫
eΨλdΨλ (1305)

Ψλ +

∫
I(Ψλ)dΨλ = Ψλ + χ+ eΨλ (1306)

Ψλ +

∫
eΨλdΨλ = Ψλ + χ+ eΨλ (1307)



D.3.10 Derivation 22 AG
Correct

y′ (s) = log (s) (1308)

∫
y′ (s)ds =

∫
log (s)ds (1309)

∫
y′ (s)ds = s log (s)− s+ ω (1310)

a(s) = y′ (s)−
∫

y′ (s)ds (1311)

a(s) = y′ (s)−
∫

log (s)ds (1312)

FLAN-T5
-7.1 -20.0 -6.8 -20.0
0.92 0.74 1.00 0.77

y′ (s) = log (s) (1313)

∫
y′ (s)ds =

∫
log (s)ds (1314)

∫
y′ (s)ds = s log (s)− s+ ω (1315)

y′ (s)−
∫

y′ (s)ds = s log (s)− s+ ω (1316)

a(s) = y′ (s)−
∫

log (s)ds (1317)

GPT-4
0.0 0.2 3.2 0.2
1.00 1.00 1.00 1.00

y′ (s) = log (s) (1318)

a(s) = y′ (s)−
∫

y′ (s)ds (1319)

∫
y′ (s)ds =

∫
log (s)ds (1320)

∫
y′ (s)ds = s log (s)− s+ ω (1321)

a(s) = y′ (s)−
∫

log (s)ds (1322)

ChatGPT
5.4 9.2 -5.6 9.2
0.99 0.93 0.98 0.93

y′ (s) = log (s) (1323)

d

ds
y′ (s) =

d

ds
log (s) (1324)

∫
d

ds
y′ (s)ds =

∫
d

ds
log (s)ds (1325)

a(s) = y′ (s)−
∫

y′ (s)ds (1326)

∫
y′ (s)ds = s log (s)− s+ ω (1327)

∫
log (s)ds = log (s)s− s (1328)

a(s) = y′ (s)−
∫

log (s)ds (1329)



D.3.11 Derivation 23 AG
Correct

Az (FN ) = sin (FN ) (1330)

∫
Az (FN )dFN =

∫
sin (FN )dFN (1331)

v(FN ) = (

∫
Az (FN )dFN )2 (1332)

v(FN ) = (

∫
sin (FN )dFN )2 (1333)

v(FN ) = (Q− cos (FN ))2 (1334)

(

∫
Az (FN )dFN )2 = (

∫
sin (FN )dFN )2

(1335)

(

∫
Az (FN )dFN )2 = (Q− cos (FN ))2 (1336)

(

∫
sin (FN )dFN )2 = (Q− cos (FN ))2 (1337)

FLAN-T5
0.0 0.0 0.0 0.0
1.00 1.00 0.98 1.00

Az (FN ) = sin (FN ) (1338)

∫
Az (FN )dFN =

∫
sin (FN )dFN (1339)

v(FN ) = (

∫
Az (FN )dFN )2 (1340)

v(FN ) = (

∫
sin (FN )dFN )2 (1341)

v(FN ) = (Q− cos (FN ))2 (1342)

(

∫
sin (FN )dFN )2 = (Q− cos (FN ))2 (1343)

GPT-4
7.2 12.7 13.3 8.8
0.91 0.85 0.86 0.86

Az (FN ) = sin (FN ) (1344)

v(FN ) = (

∫
Az (FN )dFN )2 (1345)

v(FN ) = (

∫
sin (FN )dFN )2 (1346)

v(FN ) = (Q− cos (FN ))2 (1347)

(

∫
sin (FN )dFN )2 = (Q− cos (FN ))2 (1348)

ChatGPT
0.0 0.0 0.0 0.0
1.00 1.00 1.03 1.00

Az (FN ) = sin (FN ) (1349)

v(FN ) = (

∫
Az (FN )dFN )2 (1350)

v(FN ) = (

∫
sin (FN )dFN )2 (1351)

v(FN ) = (
− cos (FN ) +Q√

2
)2 (1352)

v(FN ) = (Q− cos (FN ))2 (1353)

(

∫
sin (FN )dFN )2 = (Q− cos (FN ))2 (1354)



D.3.12 Derivation 24 AG
Correct

f ′ (ε0) = sin (ε0) (1355)

0 = − f ′ (ε0) + sin (ε0) (1356)

d

dε0
0 =

d

dε0
(− f ′ (ε0) + sin (ε0)) (1357)

0 = cos (ε0)−
d

dε0
f ′ (ε0) (1358)

0 = cos (ε0)−
d

dε0
sin (ε0) (1359)

FLAN-T5
0.0 0.1 -0.5 0.1
1.00 1.00 1.00 1.00

f ′ (ε0) = sin (ε0) (1360)

0 = − f ′ (ε0) + sin (ε0) (1361)

d

dε0
0 =

d

dε0
(− f ′ (ε0) + sin (ε0)) (1362)

0 = cos (ε0)−
d

dε0
f ′ (ε0) (1363)

0 = cos (ε0)−
d

dε0
sin (ε0) (1364)

GPT-4
-5.0 -14.5 -15.6 -12.2
0.90 0.92 0.87 0.91

f ′ (ε0) = sin (ε0) (1365)

d

dε0
f ′ (ε0) =

d

dε0
sin (ε0) (1366)

d

dε0
sin (ε0) = cos (ε0) (1367)

0 = cos (ε0)−
d

dε0
f ′ (ε0) (1368)

0 = cos (ε0)−
d

dε0
sin (ε0) (1369)

ChatGPT
9.2 16.6 3.2 16.6
0.95 0.96 0.91 0.95

f ′ (ε0) = sin (ε0) (1370)

d

dε0
cos (ε0) = − sin (ε0) (1371)

d

dε0
f ′ (ε0) = cos (ε0) (1372)

cos (ε0)−
d

dε0
f ′ (ε0) = cos (ε0)− cos (ε0)

(1373)

0 = cos (ε0)−
d

dε0
f ′ (ε0) (1374)

0 = cos (ε0)−
d

dε0
sin (ε0) (1375)



D.3.13 Derivation 25 AG
Correct

y(W, q,B) = W +
q

B
(1376)

0 = W − y(W, q,B) +
q

B
(1377)

d

dq
0 =

∂

∂q
(W − y(W, q,B) +

q

B
) (1378)

0 = − ∂

∂q
y(W, q,B) +

1

B
(1379)

W +
q

B
= W − ∂

∂q
y(W, q,B)+

q

B
+

1

B
(1380)

FLAN-T5
2.2 11.3 -6.4 11.4
0.89 0.82 0.99 0.82

y(W, q,B) = W +
q

B
(1381)

0 = W − y(W, q,B) +
q

B
(1382)

d

dq
0 =

∂

∂q
(W − y(W, q,B) +

q

B
) (1383)

0 = − ∂

∂q
y(W, q,B) +

1

B
(1384)

0 = − ∂

∂q
y(W, q,B) +

1

B
(1385)

W +
q

B
= W − ∂

∂q
y(W, q,B)+

q

B
+

1

B
(1386)

GPT-4
-0.4 10.6 7.8 8.5
0.98 0.89 0.92 0.91

y(W, q,B) = W +
q

B
(1387)

∂

∂q
y(W, q,B) =

1

B
(1388)

0 = − ∂

∂q
y(W, q,B) +

1

B
(1389)

W +
q

B
= W − ∂

∂q
y(W, q,B)+

q

B
+

1

B
(1390)

ChatGPT
-3.0 -3.4 -3.9 -3.3
0.91 0.92 0.90 0.93

y(W, q,B) = W +
q

B
(1391)

∂

∂q
y(W, q,B) =

1

B
(1392)

0 = − ∂

∂q
y(W, q,B) +

1

B
(1393)

− ∂

∂q
y(W, q,B) = − q

B2
(1394)

W +
q

B
= W − ∂

∂q
y(W, q,B)+

q

B
+

1

B
(1395)



D.4 Step Removal (SR)
D.4.1 Derivation 13 SR
Correct

W (Pe) = log (Pe) (1396)

d

dPe
W (Pe) =

d

dPe
log (Pe) (1397)

d

dPe
W (Pe) =

1

Pe
(1398)

d

dPe
log (Pe) =

1

Pe
(1399)

∫
d

dPe
log (Pe)dPe =

∫
1

Pe
dPe (1400)

FLAN-T5
14.6 12.2 3.4 12.0
0.85 0.88 0.86 0.88

(Pe) = log (Pe) (1401)

d

dPe
W (Pe) =

d

dPe
log (Pe) (1402)

∫
d

dPe
W (Pe)dPe =

∫
d

dPe
log (Pe)dPe

(1403)

∫
d

dPe
log (Pe)dPe =

∫
1

Pe
dPe (1404)

GPT-4
0.0 -0.6 -1.0 -0.5
0.96 0.98 0.89 0.98

W (Pe) = log (Pe) (1405)

d

dPe
W (Pe) =

d

dPe
log (Pe) (1406)

d

dPe
log (Pe) =

1

Pe
(1407)

∫
d

dPe
log (Pe)dPe =

∫
1

Pe
dPe (1408)

ChatGPT
18.1 32.5 13.3 24.4
0.81 0.65 0.65 0.70

W (Pe) = log (Pe) (1409)

d

dPe
log (Pe) =

1

Pe
(1410)

∫
d

dPe
log (Pe)dPe =

∫
1

Pe
dPe (1411)



D.4.2 Derivation 14 SR
Correct

ϕ(x′) =

∫
log (x′)dx′ (1412)

d

dx′
ϕ(x′) =

d

dx′

∫
log (x′)dx′ (1413)

d

dx′
ϕ(x′) =

∂

∂x′
(n2 + x′ log (x′)− x′) (1414)

t1 (x
′, n2) =

∂

∂x′
(n2 + x′ log (x′)− x′) (1415)

t1 (x
′, n2) =

d

dx′
ϕ(x′) (1416)

t1 (x
′, n2)e

− d
dx′ ϕ(x

′) = e−
d

dx′ ϕ(x
′) d

dx′
ϕ(x′)

(1417)

FLAN-T5
3.4 6.0 20.0 5.1
0.92 0.90 0.73 0.90

ϕ(x′) =

∫
log (x′)dx′ (1418)

d

dx′
ϕ(x′) =

d

dx′

∫
log (x′)dx′ (1419)

t1 (x
′, n2) =

∂

∂x′
(n2 + x′ log (x′)− x′) (1420)

t1 (x
′, n2) =

d

dx′
ϕ(x′) (1421)

t1 (x
′, n2)e

− d
dx′ ϕ(x

′) = e−
d

dx′ ϕ(x
′) d

dx′
ϕ(x′)

(1422)

GPT-4
1.3 -2.1 16.5 -2.1
0.89 0.87 0.50 0.87

ϕ(x′) =

∫
log (x′)dx′ (1423)

t1 (x
′, n2) =

∂

∂x′
(n2 + x′ log (x′)− x′) (1424)

d

dx′
ϕ(x′) = log (x′) (1425)

e−
d

dx′ ϕ(x
′) = e− log (x′) (1426)

e− log (x′) =
1

x′
(1427)

t1 (x
′, n2)e

− d
dx′ ϕ(x

′) =
∂

∂x′
(n2+x′ log (x′)−x′) 1

x′
(1428)

t1 (x
′, n2)e

− d
dx′ ϕ(x

′) = e−
d

dx′ ϕ(x
′) d

dx′
ϕ(x′)

(1429)

ChatGPT
-14.1 -23.5 9.6 -23.5
0.79 0.65 0.72 0.69

ϕ(x′) =

∫
log (x′)dx′ (1430)

d

dx′
ϕ(x′) =

1

x′
(1431)

t1 (x
′, n2) =

∂

∂x′
(n2 + x′ log (x′)− x′) (1432)

t1 (x
′, n2) = log (x′) + 1− n2

x′
(1433)

t1 (x
′, n2)e

− d
dx′ ϕ(x

′) = e−
d

dx′ ϕ(x
′) ∂

∂x′
(n2+x′ log (x′)−x′)

(1434)

t1 (x
′, n2)e

− d
dx′ ϕ(x

′) = e−
d

dx′ ϕ(x
′) d

dx′
ϕ(x′)

(1435)



D.4.3 Derivation 15 SR
Correct

C(ϕ2) = log (ϕ2) (1436)

2C(ϕ2) = C(ϕ2) + log (ϕ2) (1437)

d

dϕ2
2C(ϕ2) =

d

dϕ2
(C(ϕ2) + log (ϕ2)) (1438)

2
d

dϕ2
C(ϕ2) =

d

dϕ2
C(ϕ2) +

1

ϕ2
(1439)

2
d

dϕ2
log (ϕ2) =

d

dϕ2
log (ϕ2) +

1

ϕ2
(1440)

4(
d

dϕ2
log (ϕ2))

2 = (
d

dϕ2
log (ϕ2) +

1

ϕ2
)2

(1441)

FLAN-T5
11.3 14.5 19.2 14.2
0.89 0.85 0.73 0.86

(ϕ2) = log (ϕ2) (1442)

d

dϕ2
C(ϕ2) =

d

dϕ2
log (ϕ2) (1443)

2
d

dϕ2
C(ϕ2) =

d

dϕ2
C(ϕ2) +

d

dϕ2
log (ϕ2)

(1444)

4(
d

dϕ2
C(ϕ2))

2 = (
d

dϕ2
C(ϕ2) +

d

dϕ2
log (ϕ2))

2

(1445)

4(
d

dϕ2
log (ϕ2))

2 = (
d

dϕ2
log (ϕ2) +

1

ϕ2
)2

(1446)

GPT-4
12.7 9.6 12.6 9.0
0.85 0.86 0.84 0.86

C(ϕ2) = log (ϕ2) (1447)

d

dϕ2
C(ϕ2) =

d

dϕ2
log (ϕ2) (1448)

d

dϕ2
log (ϕ2) =

1

ϕ2
(1449)

4(
d

dϕ2
log (ϕ2))

2 = 4(
1

ϕ2
)2 (1450)

(
d

dϕ2
log (ϕ2) +

1

ϕ2
)2 = (

1

ϕ2
+

1

ϕ2
)2 (1451)

4(
1

ϕ2
)2 = (

2

ϕ2
)2 (1452)

ChatGPT
-8.7 -16.6 6.5 -16.7
0.81 0.68 0.64 0.72

C(ϕ2) = log (ϕ2) (1453)

d

dϕ2
C(ϕ2) =

d

dϕ2
log (ϕ2) (1454)

d

dϕ2
C(ϕ2) =

1

ϕ2
(1455)

(
d

dϕ2
log (ϕ2))

2 = (
1

ϕ2
)2 (1456)

4(
d

dϕ2
log (ϕ2))

2 = 4(
1

ϕ2
)2 (1457)

(
d

dϕ2
log (ϕ2) +

1

ϕ2
)2 = (

1

ϕ2
+

d

dϕ2
log (ϕ2))

2

(1458)

4(
d

dϕ2
log (ϕ2))

2 = (
d

dϕ2
log (ϕ2) +

1

ϕ2
)2

(1459)



D.4.4 Derivation 16 SR
Correct

vt (t, X̂) = X̂t (1460)

∂

∂t
vt (t, X̂) =

∂

∂t
X̂t (1461)

X̂ +
∂

∂t
vt (t, X̂) = X̂ +

∂

∂t
X̂t (1462)

X̂ +
∂

∂t
vt (t, X̂) = X̂ + X̂t log (X̂) (1463)

X̂+
∂

∂t
vt (t, X̂) = X̂+vt (t, X̂) log (X̂) (1464)

X̂ +
∂

∂t
X̂t = X̂ + X̂t log (X̂) (1465)

FLAN-T5
0.0 0.0 0.0 0.0
1.00 1.00 0.99 1.00

vt (t, X̂) = X̂t (1466)

∂

∂t
vt (t, X̂) =

∂

∂t
X̂t (1467)

X̂ +
∂

∂t
vt (t, X̂) = X̂ +

∂

∂t
X̂t (1468)

X̂ +
∂

∂t
vt (t, X̂) = X̂ + X̂t log (X̂) (1469)

X̂ +
∂

∂t
X̂t = X̂ + X̂t log (X̂) (1470)

GPT-4
12.5 25.7 47.6 18.2
0.85 0.70 0.77 0.73

vt (t, X̂) = X̂t (1471)

∂

∂t
vt (t, X̂) =

∂

∂t
X̂t (1472)

∂

∂t
X̂t = X̂t log (X̂) (1473)

X̂ +
∂

∂t
X̂t = X̂ + X̂t log (X̂) (1474)

ChatGPT
20.6 42.8 47.6 31.8
0.74 0.51 0.59 0.60

vt (t, X̂) = X̂t (1475)

∂

∂t
vt (t, X̂) =

∂

∂t
X̂t (1476)

∂

∂t
X̂t = X̂t log (X̂) (1477)

X̂ +
∂

∂t
X̂t = X̂ + X̂t log (X̂) (1478)



D.4.5 Derivation 17 SR
Correct

y(Ax) =
1

Ax
(1479)

∫
y(Ax)dAx =

∫
1

Ax
dAx (1480)

∫
y(Ax)dAx = ε0 + log (Ax) (1481)

∫
1

Ax
dAx = ε0 + log (Ax) (1482)

∫
1

Ax
dAx −

x

Ax
= ε0 + log (Ax)−

x

Ax
(1483)

∂

∂x
(

∫
1

Ax
dAx−

x

Ax
) =

∂

∂x
(ε0+log (Ax)−

x

Ax
)

(1484)

FLAN-T5
21.2 22.5 40.8 22.3
0.79 0.78 0.53 0.78

y(Ax) =
1

Ax
(1485)

∫
y(Ax)dAx =

∫
1

Ax
dAx (1486)

∫
1

Ax
dAx −

x

Ax
=

∫
1

Ax
dAx −

x

Ax
(1487)

∂

∂x
(

∫
1

Ax
dAx −

x

Ax
) =

∂

∂x
(

∫
1

Ax
dAx −

x

Ax
)

(1488)

∂

∂x
(

∫
1

Ax
dAx−

x

Ax
) =

∂

∂x
(ε0+log (Ax)−

x

Ax
)

(1489)

GPT-4
-10.6 -30.6 -35.7 -24.3
0.76 0.64 0.97 0.64

y(Ax) =
1

Ax
(1490)

∫
y(Ax)dAx =

∫
1

Ax
dAx (1491)

∫
1

Ax
dAx = log (Ax) + ε0 (1492)

x

Ax
=

x

Ax
(1493)

∫
1

Ax
dAx −

x

Ax
= log (Ax) + ε0 −

x

Ax
(1494)

∂

∂x
(

∫
1

Ax
dAx−

x

Ax
) =

∂

∂x
(ε0+log (Ax)−

x

Ax
)

(1495)

ChatGPT
-6.2 -12.5 -21.0 -9.5
0.83 0.80 0.82 0.80

y(Ax) =
1

Ax
(1496)

∫
1

Ax
dAx = log (Ax) + ε0 (1497)

∫
1

Ax
dAx −

x

Ax
= log (Ax) + ε0 −

x

Ax
(1498)

∂

∂x
(

∫
1

Ax
dAx−

x

Ax
) =

∂

∂x
(ε0+log (Ax)−

x

Ax
)

(1499)



D.4.6 Derivation 18 SR
Correct

u(λ) = sin (λ) (1500)

∫
u(λ)dλ =

∫
sin (λ)dλ (1501)

∫
u(λ)dλ = n− cos (λ) (1502)

∫
sin (λ)dλ = n− cos (λ) (1503)

−
∫
sin (λ)dλ

cos (λ)
= −n− cos (λ)

cos (λ)
(1504)

FLAN-T5
8.2 14.1 2.1 14.0
0.88 0.81 0.90 0.81

u(λ) = sin (λ) (1505)

∫
u(λ)dλ =

∫
sin (λ)dλ (1506)

−
∫
u(λ)dλ

cos (λ)
= −

∫
sin (λ)dλ

cos (λ)
(1507)

−
∫
u(λ)dλ

cos (λ)
= −n− cos (λ)

cos (λ)
(1508)

−
∫
sin (λ)dλ

cos (λ)
= −n− cos (λ)

cos (λ)
(1509)

GPT-4
13.1 21.3 24.7 17.0
0.87 0.78 0.81 0.79

u(λ) = sin (λ) (1510)

∫
u(λ)dλ =

∫
sin (λ)dλ (1511)

−
∫
sin (λ)dλ

cos (λ)
= −n− cos (λ)

cos (λ)
(1512)

ChatGPT
18.0 -0.5 24.6 -0.7
0.78 0.82 0.64 0.82

u(λ) = sin (λ) (1513)

∫
sin (λ)dλ = − cos (λ) + C (1514)

−
∫
sin (λ)dλ

cos (λ)
= −− cos (λ) + C

cos (λ)
(1515)

−
∫
sin (λ)dλ

cos (λ)
= −n− cos (λ)

cos (λ)
(1516)

where n = C + 1. (1517)



D.4.7 Derivation 19 SR
Correct

J(ϕ1) = sin (ϕ1) (1518)

d

dϕ1
J(ϕ1) =

d

dϕ1
sin (ϕ1) (1519)

sin (ϕ1)
d

dϕ1
J(ϕ1) = sin (ϕ1)

d

dϕ1
sin (ϕ1)

(1520)

sin (ϕ1)
d

dϕ1
J(ϕ1) = sin (ϕ1) cos (ϕ1) (1521)

sin (ϕ1)
d

dϕ1
sin (ϕ1) = sin (ϕ1) cos (ϕ1) (1522)

J(ϕ1)
d

dϕ1
J(ϕ1) = J(ϕ1) cos (ϕ1) (1523)

FLAN-T5
13.6 26.0 28.6 20.2
0.85 0.72 0.90 0.75

(ϕ1) = sin (ϕ1) (1524)

d

dϕ1
J(ϕ1) =

d

dϕ1
sin (ϕ1) (1525)

J(ϕ1)
d

dϕ1
J(ϕ1) = J(ϕ1)

d

dϕ1
sin (ϕ1) (1526)

J(ϕ1)
d

dϕ1
J(ϕ1) = J(ϕ1) cos (ϕ1) (1527)

GPT-4
2.2 4.3 -2.5 3.1
0.91 0.89 0.93 0.89

J(ϕ1) = sin (ϕ1) (1528)

d

dϕ1
J(ϕ1) =

d

dϕ1
sin (ϕ1) (1529)

d

dϕ1
J(ϕ1) = cos (ϕ1) (1530)

J(ϕ1)
d

dϕ1
J(ϕ1) = J(ϕ1) cos (ϕ1) (1531)

ChatGPT
10.4 24.6 30.5 17.5
0.85 0.71 0.92 0.74

J(ϕ1) = sin (ϕ1) (1532)

d

dϕ1
J(ϕ1) = cos (ϕ1) (1533)

J(ϕ1)
d

dϕ1
J(ϕ1) = sin (ϕ1) cos (ϕ1) (1534)

J(ϕ1)
d

dϕ1
J(ϕ1) = J(ϕ1) cos (ϕ1) (1535)



D.4.8 Derivation 20 SR
Correct

f ′ (Jf ) =
d

dJf
sin (Jf ) (1536)

f ′ (Jf ) = cos (Jf ) (1537)

f ′ (Jf ) sin (Jf ) = sin (Jf )
d

dJf
sin (Jf ) (1538)

cos (Jf ) =
d

dJf
sin (Jf ) (1539)

f ′ (Jf ) sin (Jf ) = sin (Jf ) cos (Jf ) (1540)

FLAN-T5
-5.9 -10.7 -9.1 -8.0
0.82 0.83 0.94 0.83

f ′ (Jf ) =
d

dJf
sin (Jf ) (1541)

f ′ (Jf )
d

dJf
sin (Jf ) =

d

dJf
sin (Jf )

d

dJf
sin (Jf )

(1542)

f ′ (Jf ) sin (Jf ) = sin (Jf ) cos (Jf ) (1543)

GPT-4
3.8 -3.9 -3.2 -2.6
0.90 0.90 0.93 0.90

f ′ (Jf ) =
d

dJf
sin (Jf ) (1544)

f ′ (Jf ) = cos (Jf ) (1545)

f ′ (Jf ) sin (Jf ) = cos (Jf ) sin (Jf ) (1546)

sin (Jf ) cos (Jf ) = sin (Jf ) cos (Jf ) (1547)

ChatGPT
-8.8 -10.0 -1.7 -7.2
0.83 0.83 0.97 0.83

f ′ (Jf ) =
d

dJf
sin (Jf ) (1548)

f ′ (Jf ) sin (Jf ) = cos (Jf ) sin (Jf ) (1549)

cos (Jf ) sin (Jf ) = sin (Jf ) cos (Jf ) (1550)



D.4.9 Derivation 21 SR
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I(Ψλ) = eΨλ (1551)

∫
I(Ψλ)dΨλ =

∫
eΨλdΨλ (1552)

Ψλ +

∫
I(Ψλ)dΨλ = Ψλ +

∫
eΨλdΨλ (1553)

Ψλ +

∫
I(Ψλ)dΨλ = Ψλ + χ+ eΨλ (1554)

Ψλ +

∫
I(Ψλ)dΨλ = Ψλ + χ+ I(Ψλ) (1555)

FLAN-T5
12.4 24.7 8.3 22.2
0.88 0.75 0.91 0.78

I(Ψλ) = eΨλ (1556)

∫
I(Ψλ)dΨλ =

∫
eΨλdΨλ (1557)

Ψλ +

∫
I(Ψλ)dΨλ = Ψλ +

∫
eΨλdΨλ (1558)

Ψλ +

∫
I(Ψλ)dΨλ = Ψλ + χ+ I(Ψλ) (1559)

GPT-4
5.9 23.3 16.0 18.3
0.83 0.71 0.85 0.74

I(Ψλ) = eΨλ (1560)

∫
I(Ψλ)dΨλ =

∫
eΨλdΨλ (1561)

∫
eΨλdΨλ = χ+ eΨλ (1562)

Ψλ +

∫
I(Ψλ)dΨλ = Ψλ + χ+ I(Ψλ) (1563)

ChatGPT
-0.5 -10.1 -2.8 -10.2
0.87 0.78 1.08 0.80

I(Ψλ) = eΨλ (1564)

d

dΨλ
I(Ψλ) = eΨλ (1565)

d

dΨλ
I(Ψλ) = I(Ψλ) (1566)

∫
I(Ψλ)dΨλ =

∫
eΨλdΨλ (1567)

∫
I(Ψλ)dΨλ = eΨλ + χ (1568)

Ψλ +

∫
I(Ψλ)dΨλ = Ψλ + χ+ I(Ψλ) (1569)



D.4.10 Derivation 22 SR
Correct

y′ (s) = log (s) (1570)

∫
y′ (s)ds =

∫
log (s)ds (1571)

∫
y′ (s)ds = s log (s)− s+ ω (1572)

a(s) = y′ (s)−
∫

y′ (s)ds (1573)

a(s) = −s log (s) + s− ω + y′ (s) (1574)

FLAN-T5
-2.5 -13.1 12.4 -13.1
0.87 0.80 0.71 0.81

y′ (s) = log (s) (1575)

∫
y′ (s)ds =

∫
log (s)ds (1576)

y′ (s)−
∫

y′ (s)ds = y′ (s)−
∫

log (s)ds

(1577)

a(s) = y′ (s)−
∫

y′ (s)ds (1578)

a(s) = −s log (s) + s− ω + y′ (s) (1579)

GPT-4
11.4 12.4 11.5 12.3
0.89 0.88 0.87 0.88

y′ (s) = log (s) (1580)

a(s) = y′ (s)−
∫

y′ (s)ds (1581)

a(s) = log (s)−
∫

log (s)ds (1582)

∫
log (s)ds = −s log (s) + s− ω (1583)

a(s) = −s log (s) + s− ω + y′ (s) (1584)

ChatGPT
-0.2 -7.5 4.6 -7.6
0.80 0.80 0.68 0.81

y′ (s) = log (s) (1585)

d

ds
y′ (s) =

d

ds
log (s) (1586)

y′′ (s) =
1

s
(1587)

a(s) = y′ (s)−
∫

y′ (s)ds (1588)

a(s) = log (s)−
∫

log (s)ds (1589)

a(s) = −s log (s) + s− ω + y′ (s) (1590)



D.4.11 Derivation 23 SR
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Az (FN ) = sin (FN ) (1591)

∫
Az (FN )dFN =

∫
sin (FN )dFN (1592)

v(FN ) = (

∫
Az (FN )dFN )2 (1593)

v(FN ) = (

∫
sin (FN )dFN )2 (1594)

v(FN ) = (Q− cos (FN ))2 (1595)

(

∫
Az (FN )dFN )2 = (

∫
sin (FN )dFN )2

(1596)

(

∫
Az (FN )dFN )2 = (Q− cos (FN ))2 (1597)

(

∫
sin (FN )dFN )2 = (Q− cos (FN ))2 (1598)

FLAN-T5
-2.9 -13.9 -1.8 -10.5
0.92 0.84 0.97 0.84

Az (FN ) = sin (FN ) (1599)

∫
Az (FN )dFN =

∫
sin (FN )dFN (1600)

v(FN ) = (

∫
Az (FN )dFN )2 (1601)

v(FN ) = (

∫
sin (FN )dFN )2 (1602)

v(FN ) = (

∫
sin (FN )dFN )2 (1603)

v2(FN ) = (Q− cos (FN ))2 (1604)

(

∫
sin (FN )dFN )2 = (Q− cos (FN ))2 (1605)

GPT-4
15.9 27.4 34.1 18.8
0.81 0.66 0.78 0.70

Az (FN ) = sin (FN ) (1606)

v(FN ) = (

∫
Az (FN )dFN )2 (1607)

v(FN ) = (

∫
sin (FN )dFN )2 (1608)

(

∫
sin (FN )dFN )2 = (Q− cos (FN ))2 (1609)

ChatGPT
-14.3 -13.1 -9.9 -10.6
0.78 0.78 0.76 0.78

Az (FN ) = sin (FN ) (1610)

v(FN ) = (

∫
Az (FN )dFN )2 (1611)

∫
Az (FN )dFN =

∫
sin (FN )dFN (1612)

v(FN ) = (

∫
sin (FN )dFN )2 (1613)

v(FN ) = Q2−2Q cos (FN )+cos (FN )2 (1614)

Q =

∫
sin (FN )dFN (1615)

(

∫
sin (FN )dFN )2 = (Q− cos (FN ))2 (1616)



D.4.12 Derivation 24 SR
Correct

f ′ (ε0) = sin (ε0) (1617)

0 = − f ′ (ε0) + sin (ε0) (1618)

d

dε0
0 =

d

dε0
(− f ′ (ε0) + sin (ε0)) (1619)

0 = cos (ε0)−
d

dε0
f ′ (ε0) (1620)

∫
0dε0 =

∫
(cos (ε0)−

d

dε0
f ′ (ε0))dε0 (1621)

FLAN-T5
0.0 0.0 0.0 0.0
1.00 1.00 1.01 1.00

f ′ (ε0) = sin (ε0) (1622)

0 = − f ′ (ε0) + sin (ε0) (1623)

d

dε0
0 =

d

dε0
(− f ′ (ε0) + sin (ε0)) (1624)

0 = cos (ε0)−
d

dε0
f ′ (ε0) (1625)

∫
0dε0 =

∫
(cos (ε0)−

d

dε0
f ′ (ε0))dε0 (1626)

GPT-4
0.0 1.5 3.9 1.6
0.97 0.98 0.80 0.98

f ′ (ε0) = sin (ε0) (1627)

d

dε0
f ′ (ε0) = cos (ε0) (1628)

cos (ε0)−
d

dε0
f ′ (ε0) = 0 (1629)

∫
0dε0 =

∫
(cos (ε0)−

d

dε0
f ′ (ε0))dε0 (1630)

ChatGPT
18.8 23.4 22.8 23.4
0.77 0.68 0.70 0.68

f ′ (ε0) = sin (ε0) (1631)

∫
f ′ (ε0)dε0 = − cos (ε0) + C (1632)

d

dε0
f ′ (ε0) = cos (ε0) (1633)

∫
d

dε0
f ′ (ε0)dε0 = f ′ (ε0) + C (1634)

∫
(cos (ε0)−

d

dε0
f ′ (ε0))dε0 = − sin (ε0)+f ′ (ε0)+C

(1635)

∫
0dε0 =

∫
(cos (ε0)−

d

dε0
f ′ (ε0))dε0 (1636)



D.4.13 Derivation 25 SR
Correct

y(W, q,B) = W +
q

B
(1637)

0 = W − y(W, q,B) +
q

B
(1638)

d

dq
0 =

∂

∂q
(W − y(W, q,B) +

q

B
) (1639)

0 = − ∂

∂q
y(W, q,B) +

1

B
(1640)

0 = − ∂

∂q
(W +

q

B
) +

1

B
(1641)

FLAN-T5
15.9 15.5 18.8 15.2
0.79 0.81 0.71 0.81

y(W, q,B) = W +
q

B
(1642)

∂

∂q
y(W, q,B) =

∂

∂q
(W +

q

B
) (1643)

0 = − ∂

∂q
y(W, q,B) +

∂

∂q
(W +

q

B
) (1644)

0 = − ∂

∂q
(W +

q

B
) +

1

B
(1645)

GPT-4
4.9 10.5 16.3 9.5
0.83 0.75 0.84 0.77

y(W, q,B) = W +
q

B
(1646)

∂

∂q
y(W, q,B) =

∂

∂q
(W +

q

B
) (1647)

∂

∂q
(W +

q

B
) =

1

B
(1648)

0 = − ∂

∂q
(W +

q

B
) +

1

B
(1649)

ChatGPT
9.8 20.3 -3.6 20.5
0.77 0.64 0.91 0.64

∂

∂B
(W +

q

B
)y(W, q,B) = W +

q

B
(1650)

∂

∂q
y(W, q,B) =

1

B
(1651)

∂

∂B
y(W, q,B) = − q

B2
+

1

B
(1652)

0 = − ∂

∂q
(W +

q

B
) +

1

B

∂

∂B
(W +

q

B
) (1653)

0 = − ∂

∂q
y(W, q,B)+

1

B

∂

∂B
y(W, q,B) (1654)



E Generate Annotated Derivations

Algorithm 1 relies on a premise generation algo-
rithm defined elsewhere (Meadows et al., 2023)
alongside other procedures and hyperparameters.
The particular hyperparameters used in this work
are p_history=10, p_arity_0=5, p_renaming=1,
p_arity_1=50, p_evaluate=50, p_arity_2=100,
p_int_or_diff=1, p_subs=5. The key difference
is that EXTRACT_DERIVATION has been im-
proved, and is called as soon as a new equation
is derived, rather than after the derivation reaches
a specific length. This (and separately, a better im-
plementation achieved after making this change)
improves runtime when creating derivations of a
specific length. LENGTH in this case is a sampled
integer from a truncated Gaussian described in the
Data Analysis section.



Algorithm 1 Derivation Generation Algorithm

1: procedure DERIVATION(prior_derivation)
2: if prior_derivation is None then
3: eq ← GET_PREMISE(symbols)
4: D ← [(eq, ”premise”)]
5: else
6: D ← prior_derivation
7: end if
8: L← LENGTH

9: count← 0
10: while True do
11: next_step← STEP(D)
12: if next_step is False then
13: count← count+ 1
14: end if
15: if count is 100 then
16: return None
17: end if
18: eval_ints← [i[1] for i in D if ’evaluate_integrals’ in str(i[1])]
19: if next_step is not False and next_step not in D and next_step[1] not in eval_ints then
20: D.append(next_step)
21: actual_derivation← EXTRACT_DERIVATION(D)
22: if length(actual_derivation) ≥ L then
23: break
24: end if
25: end if
26: end while
27: return actual_derivation
28: end procedure
29: procedure STEP(D; hyperparameters)
30: A← [i[1] for i in D] ▷ only annotations
31: D ← [i[0] for i in D] ▷ only equations
32: Initialize rules_0, rules_1, rules_2.
33: Extract relevant equation elements from D into relevant_equation_elements for use in rules
34: Select arity randomly.
35: if arity is 0 then
36: Choose rule from rules_0 and apply it based on conditions.
37: else if arity is 1 then
38: Choose rule from rules_1 and apply it based on conditions.
39: else if arity is 2 then
40: Choose rule from rules_2 and apply it based on conditions.
41: end if
42: if eq is sp.Equality and it meets certain conditions then
43: return (eq, annotation)
44: else
45: return False
46: end if
47: end procedure


